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֓ཁ
World Wide Web (WWW), ιʔγϟϧωοτϫʔΫ, ަ௨ࣄނ৘ใͳͲ, ςΩετ
σʔλ͔Βจࣈྻ͕நग़͞ΕΔ࣌,ͦͷग़ݱස౓෼෍͕গ਺ߴස౓ͷ΋ͷͱଟ਺௿ස
౓ͷ΋ͷʹ෼͔ΕΔྫ͕ଟ͋͘Δ. ຊ࿦จͰ͸, ͦͷΑ͏ͳग़ݱස౓෼෍ʹେ͖ͳภ
Γͷ͋ΔจࣈྻΛΩʔͱͯ͠ΠϯϝϞϦσʔλετΞʹ֨ೲ͢ΔͨΊͷख๏ʹ͍ͭͯ
ड़΂Δ. ͦͷಛ௃͸, ߴ଎ͳσʔλߏ଄ͱίϯύΫτͳσʔλߏ଄ͷ 2छྨΛ૊Έ߹
Θͤ,ίϯύΫτͰ͋Γͳ͕Βߴ͍εϧʔϓοτΛ࣮ݱͨ͠఺ʹ͋Δ. ۩ମతʹ͸,ߴ
଎ͳϋογϡςʔϒϧʹগ਺ߴස౓ͷΩʔΛ,ίϯύΫτͳ Level-Order Unary Degree
SequenceʹΑΔτϥΠ (LOUDSτϥΠ)ʹଟ਺௿ස౓ͷΩʔΛ֨ೲ͢Δ.
LOUDSτϥΠ͸ίϯύΫτͰ͋Δ͕,੩తͳσʔλߏ଄Ͱ͋ΔͨΊσʔλΛ௥ՃͰ
͖ͳ͍໰୊͕͋Δ. ຊݚڀͰ͸ϩάߏ଄Ϛʔδ໦ͱྨࣅͷख๏ʹΑͬͯ͜ͷ໰୊Λղ
ܾ͢Δ. ͜ͷख๏Λ Online LOUDS Trie Version 1 (OLT1)ͱݺͿ. OLT1Ͱ͸,ೖྗ͞Ε
ΔΩʔͱ஋Λೋ෼୳ࡧτϥΠʹΑΔόοϑΝʹ஝͑,ͦΕ͕ຬͨ͞ΕΔͨͼʹ LOUDS
τϥΠΛ࡞੒͢Δ.
OLT1Ͱ͸จࣈྻΩʔΛݕࡧ͢Δ࣌, LOUDSτϥΠͷϦετΛॱʹௐ΂Δඞཁ͕͋
Δ. Ϧετ͕௕͘ͳΔͱݕࡧ͕஗͘ͳΔͨΊ,ෳ਺ͷ LOUDSτϥΠΛ 1ͭʹϚʔδ
ͯ͠ϦετΛ୹͘อͭ. ͔͠͠,සൟͳϚʔδ͸ٯʹੑೳΛ௿Լͤ͞Δ. ຊݚڀͰ͸֤
LOUDSτϥΠʹϒϧʔϜϑΟϧλΛ෇Ճ͢Δ͜ͱͰ͜ͷ໰୊Λղܾ͢Δ.
OLT1Ͱߴ͍ϝϞϦޮ཰Λୡ੒͢Δʹ͸Ϛʔδ࣌ʹதؒόοϑΝͷ࢖༻Λආ͚Δඞཁ
͕͋Δ. ͔͠͠தؒόοϑΝΛ࢖Θͳ͍ϚʔδͷΞϧΰϦζϜ͸ෳࡶͰ͋Δ. ຊݚڀͰ
͸,Ծ૝ϊʔυͱ͍͏֓೦Λಋೖ͠,ෳ਺ͷ LOUDSτϥΠΛԾ૝తʹ 1ͭͷ LOUDS
τϥΠͱͯ͠ѻ͑ΔΑ͏ʹ͢Δ. ͜ΕʹΑΓ, ؆ܿͳΞϧΰϦζϜͰϚʔδΛՄೳʹ
͠,͞ΒʹϒϧʔϜϑΟϧλͷߏங΋ฒߦͰߦ͏Α͏ʹ͢Δ.
ຊݚڀͰ͸,ϋογϡςʔϒϧͱΦϯϥΠϯ LOUDSτϥΠͱ͍͏ 2छͷσʔλߏ଄
Λ૊Έ߹ΘͤΔ. ·ͨ,ΦϯϥΠϯ LOUDSτϥΠͷதͰ͸,ೋ෼୳ࡧτϥΠΛ LOUDS
τϥΠΛߏங͢ΔͨΊͷόοϑΝͱͯ͠༻͍Δ. ͜ΕΒͷσʔλߏ଄ʹରͯ͠ͲͷΑ
͏ʹϝϞϦΛ഑෼͢Δ͔Λ࠷దԽ໰୊ͱͯ͠ΦϯϥΠϯͰղ͘͜ͱ͸೉͍͠. ຊݚڀ
Ͱ͸͜ͷ໰୊Λࣗ཯తͳϝϞϦׂΓ౰ͯʹΑΓղܾ͢Δ. ͜ͷख๏Λ, Online LOUDS
Trie Version 2 (OLT2)ͱݺͿ. OLT2Ͱ͸,࢒͞Εͨ࢖༻ՄೳϝϞϦͷαΠζΛݟͳ͕
Β,ೋ෼୳ࡧτϥΠ,͓Αͼ LOUDSτϥΠʹׂΓ౰ͯΔϝϞϦΛܾఆ͢Δ. ࢒Γͷϝ
ϞϦ͸શͯϋογϡςʔϒϧʹׂΓ౰ͯ,શମͷੑೳΛ޲্ͤ͞Δ.
ຊݚڀͰ͸, JavaݴޠʹΑΓఏҊͨ͠ํࣜʹै͍ΠϯϝϞϦσʔλετΞͷͨΊͷ
ίϯύΫτͳσʔλߏ଄Λ࣮ݱͨ͠. ࣮ݱͨ͠σʔλߏ଄͸,શจݕࡧΤϯδϯApache
Luceneʹ૊ΈࠐΜͰར༻ՄೳͰ͋Δ. ࣮ݱͨ͠σʔλߏ଄ʹ, 3ͭͷσʔληοτ (ަ
௨ࣄނ৘ใ,೔ຊͷՈి঎඼౳ʹؔ͢Δܝࣔ൘,͓ΑͼӳࠃͷχϡʔεαΠτ)͔Βந
ग़ͨ͠σʔλΛೖྗ͠ੑೳΛଌఆͨ͠. ੑೳଌఆʹ༻͍ͨϓϩάϥϜ͸, શจݕࡧΤ
ϯδϯͷͨΊʹࡧҾΛͭ͘ΔΞϓϦέʔγϣϯΛ૝ఆͨ͠΋ͷͰ͋Δ. ͦͷ݁Ռ,ఏҊ
ख๏ OLT1Ͱ͸,طଘͷ୅දతͳख๏Ͱ͋Δϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠ
ΑΓ΋ίϯύΫτͰ͋Γ,ΑΓଟ͘ͷΩʔͱ஋Λอ࣋Ͱ͖Δ͜ͱΛ֬ೝͨ͠. ͞Βʹ,
ఏҊख๏ OLT2Ͱ͸,μϒϧΞϨΠτϥΠΑΓ΋ߴ͍εϧʔϓοτΛಘΔ͜ͱ͕Ͱ͖
ͨ. ͜ΕʹΑΓ,ఏҊख๏ OLT2͸,ݶΒΕͨϝϞϦͰϋογϡςʔϒϧʹೖΓ͖Βͳ
͍Α͏ͳଟ͘ͷ݅਺ͷΩʔΛอ࣋͠ͳ͚Ε͹ͳΒͳ͍࣌ʹ,͜ΕΒطଘͷͲͷख๏Α
Γ΋ߴ͍εϧʔϓοτΛ࣮ݱͰ͖Δ͜ͱΛ֬ೝͨ͠.
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ୈ1ষ ͸͡Ίʹ
ۙ೥,େن໛ͳจࣈྻσʔλΛղੳ͢Δधཁ͕ߴ·͍ͬͯΔ. WorldWideWeb (WWW),
ιʔγϟϧωοτϫʔΫ,খചΓͷόεέοτσʔλ,ަ௨ࣄނ৘ใͳͲ,ଟ͘ͷ෼໺
Ͱจࣈྻ͔ΒͳΔେن໛ͳσʔλ͕࡞Γग़͞Ε͍ͯΔ [46]. ྫ͑͹ɺGoogle΍ Bing
ͳͲͷେखݕࡧαΠτʹࡧҾ͞ΕΔWebϖʔδ૯਺͸ 2015೥ 9݄࣌఺ʹ͸ 470ԯ݅
ͱਪఆ͞Ε͍ͯΔ [81]. ϚΠΫϩϒϩάαʔϏεʹ͸ 2015೥ʹ͸ຖ೔ 5ԯ݅ͷϝο
ηʔδ͕౤ߘ͞Εͨ [76]. খചΓେख Wal-Martͷσʔλϕʔεʹ͸, ങ͍෺٬ͷό
εέοτσʔλ͕ 1࣌ؒ͋ͨΓ 100ສ݅௥Ճ͞Ε͍ͯΔ [46]. Wikipedia͸Web্Ͱ
ฤू͞Ε͍ͯΔڊେͳඦՊࣄయͰ͋Γ, ͦͷϖʔδ૯਺͸ 2015 ೥ʹ 3,600 ສ݅Λ௒
͑ͨ [79]. ถࠃߴ଎ಓ࿏҆શہ (NHTSA) [57]ͷऩू͢Δަ௨ࣄނσʔλϕʔεʹ͸,
ຖ೥໿ 3ສ݅ͷࣄނσʔλ͕௥Ճ͞Ε͍ͯΔ. ͜ΕΒͷσʔλ͸ࣗવݴޠʹΑΔ৘ใ
Ͱ͋Γ,ܭࢉػ্Ͱ͸จࣈྻͱͯ͠ॲཧ͞ΕΔ.
͜ͷΑ͏ͳେن໛ͳจࣈྻσʔλͷղੳʹ͸σʔλετΞ͕ॏཁͳ໾ׂΛՌͨ͢.
ͦͷΑ͏ͳσʔλΛղੳ͢Δͱ͖ʹ͸,Ұ౓,ԿΒ͔ͷσʔλετΞʹ֨ೲ͠,ݕࡧ΍
ूܭΛߦ͑ΔΑ͏ʹ͢Δ. จࣈྻσʔλͷղੳͰ͸, ΞϓϦέʔγϣϯͷཁٻʹಛԽ
༷ͨ͠ʑͳछྨͷσʔλετΞ͕࣮૷͞Εར༻͞Ε͖ͯͨ. ͨͱ͑͹খചͷόεέο
τσʔλͷղੳͰ͸දͷΧϥϜ͝ͱʹεΩϟϯͯ͠ूܭ݁ՌΛಘΔॲཧ͕ߦΘΕΔ
͜ͱ͔Β, Amazon RedShift [3] ͷΑ͏ͳྻࢦ޲σʔλϕʔε͕࢖༻͞ΕΔ. Apache
Lucene [22]ͷΑ͏ͳશจݕࡧΤϯδϯͰ͸,จॻ൪߸ʹؔ͢Δू߹ԋࢉΛߴ଎ʹߦ͏
ඞཁ͕͋ΔͨΊ,సஔΠϯσΫεͷΑ͏ͳू߹ԋࢉʹಛԽͨ͠஋ͷ֨ೲํ๏͕༻͍Β
Ε͍ͯΔ. XML΍ JSONͷΑ͏ͳ൒ߏ଄σʔλΛѻ͏৔߹ʹ͸, MongoDB [51]ͷΑ
͏ͳจॻࢦ޲σʔλϕʔε͕ར༻͞ΕΔ. จࣈྻͷॏෳഉআ΍Χ΢ϯςΟϯάͰ͸,ଟ
਺ͷจࣈྻΛ֨ೲͯ͠,ࢦఆ͞ΕͨจࣈྻʹରԠ͢Δ஋Λߴ଎ʹऔΓग़͢ػೳʹಛԽ
ͨ͠ΩʔόϦϡʔετΞ͕Α͘༻͍ΒΕΔ. ຊݚڀͰ͸จࣈྻΛΩʔͱ͠, get(key)ͱ
put(key, value)ͷૢ࡞Λఏڙ͢ΔΩʔόϦϡʔετΞΛѻ͏.
ຊݚڀͰ͸࣍ͷΑ͏ͳςΩετղੳΞϓϦέʔγϣϯͷཁٻʹಛԽͨ͠ΩʔόϦϡʔ
ετΞΛ࣮ݱ͢Δ͜ͱΛ໨ࢦ͢. ςΩετղੳͰ͸,ࡧҾΛ࡞੒͢Δࡍ,෼ੳର৅ͱ͢
ΔΩʔϫʔυΛநग़͢ΔϧʔϧΛ༩͑Δ. ͜ͷϧʔϧ͸෼ੳ͝ͱʹมߋ͞ΕΔ. ͦ͠
ͯ,มߋͷͨͼʹࡧҾ͕࠶࡞੒͞ΕΔ. நग़͞Εͨจࣈྻ͸,ΩʔόϦϡʔετΞʹҰ
࣌తʹ֨ೲ͞Ε,ࡧҾ࡞੒࣌ʹࢀর͞ΕΔ. ͜ͷ࣌,͢Ͱʹಋೖ͞Ε͍ͯΔܭࢉػΛ܁
1
Γฦ͠ར༻͠,ͦͷओهԱͷαΠζ͸ݻఆͰ֦ு͠ͳ͍.
ຊݚڀͰ͸, ۩ମతʹ͸ҎԼͷΑ͏ͳΞϓϦέʔγϣϯͷཁٻʹಛԽͨ͠Ωʔό
ϦϡʔετΞΛ࣮ݱ͢Δ:
ૢ࡞ͷΠϯλϑΣʔεͱҙຯ ֨ೲ (put)͞Εͨจࣈྻ͕ଈ࠲ʹऔಘ (get)ՄೳʹͳΔ,
ಈతߋ৽͕ՄೳͰ͋Δ.
Ωʔͱ஋ͷ௕͞ Ωʔ͕௕͘ (਺ेόΠτ),஋͕୹͍ (4όΠτͷ੔਺).
Ωʔͷग़ݱස౓ Ωʔͷग़ݱස౓͕গ਺ͷߴස౓ͷ΋ͷͱଟ਺ͷ௿ස౓ͷ΋ͷʹภͬ
͍ͯΔ. ͨͩ͠,ͲͷΩʔͷग़ݱස౓͕ߴ͍͔͸ࣄલʹ͸ෆ໌Ͱ͋Δ.
্هͷಈతߋ৽ͷཁٻ͸,ॏෳഉআΛߦ͏ΞϓϦέʔγϣϯͷཁ͔݅Βདྷ͍ͯΔ. ॏ
ෳഉআͰ͸,͢΂ͯͷจࣈྻΛอ࣋͢Δࣙॻ͕࡞੒͞Ε,֤จࣈྻʹҰҙͷ൪߸ׂ͕Γ
౰ͯΒΕΔ. จࣈྻʹҰҙͷ൪߸ΛׂΓ౰ͯΔʹ͸, ग़ݱ͢Δ͢΂ͯͷจࣈྻʹର͠
ͯ,͢ͰʹׂΓ౰͕ͯߦΘΕ͔ͨͲ͏͔Λௐ΂Δ getͷૢ࡞Λߦ͏. ·ׂͩΓ౰͕ͯߦ
ΘΕ͍ͯͳ͍৽ͨͳ୯ޠͰ͋ͬͨ࣌ʹݶΓ, ৽͍͠൪߸ΛׂΓ౰ͯΔૢ࡞Ͱ͋Δ put
͕ߦΘΕΔ.
ຊݚڀͰ૝ఆ͢ΔΞϓϦέʔγϣϯͰ͸,Ωʔͷܕʹ͸จࣈྻܕ΍όΠτ഑ྻܕ͕
༻͍ΕΒΕΔ. ·ͨ,൪߸Λ֨ೲ͢ΔͨΊʹ,஋ͷܕʹ͸ 4όΠτͷ੔਺ͳͲͷΩʔͱ
ൺֱͯ͠୹͍΋ͷ͕༻͍ΒΕΔ. ͜ͷͱ͖, શମͷαΠζʹରͯ͠Ωʔͷ઎ΊΔׂ߹
͕࠷΋େ͖͍ͨΊ,ίϯύΫτ͞Λߟ͑Δࡍʹ͸,ΩʔΛ֨ೲ͢ΔϝϞϦޮ཰Λ޲্͢
Δ͜ͱ͕࠷΋ॏཁͰ͋Δ.
ຊݚڀͰ૝ఆ͢ΔΞϓϦέʔγϣϯͰ͸,σʔλετΞʹ͸ॏෳΛؚΉจࣈྻ͕܁
Γฦ͠ get͞ΕΔ͕,ͦͷग़ݱස౓͸จࣈྻʹΑͬͯҟͳΔ. ๯಄ʹ͋͛ͨଟ͘ͷจࣈ
ྻσʔλͰ, ͜ΕΒจࣈྻͷग़ݱස౓͕େ͖͘ภ͍ͬͯΔ͜ͱ͕஌ΒΕ͍ͯΔ. ຊݚ
ڀͰѻ͏ΞϓϦέʔγϣϯͰ͸,จࣈྻͷग़ݱස౓͕গ਺ͷߴස౓ͷ΋ͷͱ,ଟ਺ͷ௿
ස౓ͷ΋ͷʹ෼͔ΕΔ͜ͱΛԾఆ͢Δ. ͦͷΑ͏ͳग़ݱස౓෼෍ͷ 1ͭʹδοϓͷ๏
ଇ [89]ʹै͏෼෍ (δοϓ෼෍)͕͋Δ.
࣮ࡍͷจॻ͔Βநग़͞ΕΔจࣈྻͷग़ݱස౓෼෍͸ඇৗʹΑ͘δοϓͷ๏ଇʹै͏.
ྫ͑͹, ද 1.1 ʹࣔ͢σʔλ͔Βநग़ͨ͠จࣈྻͷग़ݱස౓෼෍ (ྦྷੵ౓਺)Λਤ 1.1
ʹࣔ͢. ͜ͷਤͷԣ࣠͸จࣈྻΛग़ݱස౓ॱʹฒ΂ͨࡍͷϥϯΫ, ॎ࣠͸ग़ݱස౓ͷ
ྦྷੵ౓਺Λද͍ͯ͠Δ. ͦΕͧΕͷ୯Ґ͸,ԣ࣠͸࠷େϥϯΫ (ॏෳΛআ͍ͨจࣈྻͷ
਺) Λ 1ͱ͢Δൺ཰, ॎ࣠͸શจࣈྻͷग़ݱ਺ͷ߹ܭ (ॏෳΛؚΉೖྗจࣈྻ਺) Λ 1
ͱ͢Δൺ཰Ͱ͋Δ. ͜ΕΒͷσʔλ͸ͦΕͧΕੑ࣭΋நग़ϧʔϧ΋ҟͳΔ͕,ͦͷΑ͏
ͳ৚݅ͷҧ͍ʹ͔͔ΘΒͣ΄΅δοϓͷ๏ଇʹैͬͨग़ݱස౓෼෍Λࣔ͢. ද 1.1ͷ
σʔληοτͷ಺༰͸ҎԼͷ௨ΓͰ͋Δ:
NHTSA ถࠃߴ଎ಓ࿏҆શہ (National Highway Traffic Safety Administration)ͷऩू
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ਤ 1.1: 3ͭͷσʔληοτ͔Βநग़͞Εͨจࣈྻͷग़ݱස౓෼෍ (ྦྷੵ౓਺)
ͨ͠ަ௨ࣄނσʔλϕʔε [57]͔ΒࣗવݴޠॲཧʹΑͬͯநग़͞ΕͨΩʔϫʔ
υͷྻ.
kakaku.com େن໛৘ใίϯςϯπ࣌୅ͷߴ౓ ICTઐ໳৬ۀਓҭ੒ࣄۀ (DCON) [75]
ʹΑΓఏڙ͞Εͨ,೔ຊͷՈి঎඼౳ʹؔ͢Δܝࣔ൘ͷHTMLσʔλ͔Βܗଶ
ૉղੳʹΑͬͯநग़͞Εͨ୯ޠͷྻ.
reuters.com ಉ͘͡DCONʹΑͬͯఏڙ͞Εͨ,ӳࠃͷχϡʔεαΠτͷHTMLσʔ
λ͔ΒۭനΛ۠੾Γͱͯ͠நग़͞Εͨ୯ޠͷྻ.
ຊ࿦จͰ͸,͜ͷΑ͏ͳग़ݱස౓෼෍Λࣔ͢จࣈྻσʔλΛ֨ೲ͢Δ͜ͱʹಛԽ͠
ͨίϯύΫτͳσʔλߏ଄ΛఏҊ͢Δ. ͜ͷσʔλߏ଄͸, ओهԱ্ʹશͯͷσʔλ
ද 1.1: δοϓͷ๏ଇʹै͏ 3ͭͷσʔληοτ
NHTSA kakaku.com reuters.com
நग़͞Εͨจࣈྻͷ૯਺ 2.5ԯ݅ 15ԯ݅ 10ԯ݅
நग़͞ΕͨσʔλαΠζ 6.4 GB 9.4 GB 7.2 GB
நग़͞Εͨจࣈྻͷฏۉ௕ 29.0όΠτ 6.69όΠτ 7.38όΠτ
ॏෳΛআ͍ͨจࣈྻͷ਺ 650ສ݅ 1930ສ݅ 640ສ݅
ॏෳΛআ͍ͨσʔλαΠζ 222 MB 340 MB 114 MB
ॏෳΛআ͍ͨจࣈྻͷฏۉ௕ 35.5όΠτ 18.4όΠτ 18.6όΠτ
ݴޠ ӳޠ ೔ຊޠ ӳޠ
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Λ֨ೲ͢ΔΩʔόϦϡʔετΞͱͯ͠ར༻Ͱ͖Δ. ຊ࿦จͰ͸, ΩʔόϦϡʔετΞ
ͷ͏ͪओهԱ্ʹશͯͷσʔλΛ֨ೲ͢Δ΋ͷΛΠϯϝϞϦσʔλετΞͱݺͿ. Π
ϯϝϞϦσʔλετΞ͸ओهԱͷ࣋ͭߴ͍ϥϯμϜΞΫηεੑೳΛഎܠʹඇৗʹߴ͍
εϧʔϓοτΛ࣮ݱͰ͖Δ. ͔͠͠, ܭࢉػͷ౥ࡌ͢ΔओهԱͷαΠζʹ͸੍ݶ͕͋
ΔͨΊ,ҰఆҎ্ͷ਺ͷจࣈྻ͸ΠϯϝϞϦσʔλετΞʹ͸ೖΓ͖Βͳ͍.
طଘͷΠϯϝϞϦσʔλετΞʹ͸, Memcached [49], Redis [71],͓Αͼ Infinispan
[10] ͳͲ͕͋Δ. ͍ͣΕ΋ϋογϡςʔϒϧΛ಺෦ͷσʔλߏ଄ͱͯ͠༻͍, ߴ͍ε
ϧʔϓοτͰಈ࡞͢Δ. ͔͠͠ͳ͕Β,ͦΕΒͷϝϞϦޮ཰͸ߴ͘ͳ͍. ྫ͑͹,ද 1.1
ͷσʔληοτΛ֨ೲͨ͠৔߹, ͦΕΒͷσʔλαΠζͷ໿ 1.5ഒ͔Β 7ഒͷϝϞϦ
Λ࢖༻͢Δ. ৄ͘͠͸෇࿥ Aʹࣔ͢.
ΠϯϝϞϦσʔλετΞ͸,શจݕࡧΤϯδϯϥΠϒϥϦ Apache Lucene [22]Ͱ΋
ར༻͞Ε͍ͯΔ. Apache Lucene͸ओهԱ্ʹϋογϡςʔϒϧΛ࡞੒ͯࣙ͠ॻΛ֨
ೲ͢Δ. ͔͠͠,ϋογϡςʔϒϧશମΛओهԱʹอ࣋Ͱ͖ͳ͍΄Ͳจࣈྻͷ݅਺͕ଟ
͍৔߹͸, ೋ࣍هԱʹࣙॻΛஔ͖, ϋογϡςʔϒϧ͸ Least Recently Used (LRU)Ξ
ϧΰϦζϜʹΑΔΩϟογϡͱͯ͠࢖༻͢Δ. ͨͩ͠,ೋ࣍هԱΛར༻͢Δͱੑೳ͸ஶ
͘͠௿Լ͢Δ.
ಉ༷ͷྫʹ, Apache Spark [88]͕͋Δ. Apache Spark͸ Resilient Distributed Dataset
(RDD) [87]ͱݺ͹ΕΔந৅σʔλߏ଄Λ༻͍ͯMapReduce [15]ͳͲͷॲཧΛߦ͏෼
ࢄγεςϜͰ͋Δ. ͜ΕΒͷॲཧΛߴ଎ʹߦ͏ͨΊ, RDD͸ܭࢉ݁ՌΛओهԱʹอ࣋
͢Δ͜ͱ͕Ͱ͖Δ. ͔͠͠,ܭࢉ݁Ռ͕ϝϞϦʹೖΓ͖Βͳ͍࣌ʹ͸,֨ೲ͢Δσʔλ
ͷҰ෦,΋͘͠͸શ෦Λೋ࣍هԱʹอ࣋͢Δ. ͨͩ͠,ೋ࣍هԱΛར༻͢Δͱੑೳ͸ஶ
͘͠௿Լ͢Δ.
ຊ࿦จͰ͸, 1୆ͷܭࢉػ্Ͱಈ࡞͢ΔΠϯϝϞϦσʔλετΞͷϝϞϦޮ཰ʹͭ
͍ͯٞ࿦͢Δ. ֨ೲͰ͖Δจࣈྻͷ਺Λ૿΍ͨ͢Ίʹ෼ࢄΠϯϝϞϦσʔλετΞΛ
༻͍Δ͜ͱ͕ߟ͑ΒΕΔ͕,ຊ࿦จͰ͸ٞ࿦͠ͳ͍. ͨͩ͠,෼ࢄΠϯϝϞϦσʔλε
τΞΛ༻͍Δ৔߹Ͱ΋, ܭࢉػ͋ͨΓͷϝϞϦޮ཰ͷॏཁ͞͸มΘΒͳ͍. Ωʔͷू
߹Λ෼ׂͯ͠ෳ਺ͷܭࢉػʹ෼ࢄ͢Ε͹, 1୆ͷܭࢉػʹ౥ࡌͰ͖ΔओهԱྔʹ੍ݶ
͞Εͣ,࢖༻͢Δܭࢉػ୆਺ʹԠͨ͡Ωʔͷ਺Λ֨ೲͰ͖ΔΑ͏ʹͳΔ. ͜ͷͱ͖,ϝ
ϞϦޮ཰ͷ௿͍ΠϯϝϞϦσʔλετΞΛ࢖༻͢Δͱ,ܭࢉػ 1୆͋ͨΓʹ֨ೲͰ͖
ΔΩʔͷ਺͕গͳ͘ͳΓ,ඞཁͳܭࢉػ୆਺͸ଟ͘ͳΔ. ͜Εʹର͠,ԾʹϝϞϦޮ཰
͕ 10ഒͷΠϯϝϞϦσʔλετΞΛ༻͍Ε͹, ܭࢉػ୆਺͸ 10෼ͷ 1ʹݮΓ, ίε
τ͸ 10෼ͷ 1ʹͳΔ. ͜Ε͸, Amazon Elastic Computing Cloud (EC2) [73]΍ Google
Compute Engine [29]ͳͲ,ଟ͘ͷΫϥ΢υίϯϐϡʔςΟϯάαʔϏε͕,Πϯελϯ
ε୆਺ʹൺྫͨ͠ྉۚମܥʹͳ͍ͬͯΔ͜ͱ͔Β,ܭࢉػࢿݯΛΫϥ΢υίϯϐϡʔ
ςΟϯάαʔϏε͔Βௐୡ͢Δ৔߹Ͱ΋੒Γཱͭ.
Ұൠʹ, ΠϯϝϞϦσʔλετΞΛ࣮ݱ͢Δσʔλߏ଄͸ίϯύΫτ͞ͱεϧʔ
ϓοτͷߴ͞ͷτϨʔυΦϑʹͳ͍ͬͯΔ. ߴ଎͕͞ٻΊΒΕΔΠϯϝϞϦσʔλ
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ετΞͷ࣮૷ʹ͸, ߴ଎ͳݕࡧ͕Մೳͳϋογϡςʔϒϧ͕࠷΋ଟ͘࢖ΘΕ͍ͯΔ
[16–18, 44, 45, 49, 62, 71]. จࣈྻΛΩʔͱͯ͠ѻ͏෼໺Ͱ͸τϥΠ໦ [24]΋Α͘࢖Θ
ΕΔ [40] [86]. τϥΠ໦͸จࣈྻͷ઀಄ࣙΛڞ༗͢Δߏ଄Λ࣋ͭͷͰ,Ұൠʹϋογϡ
ςʔϒϧΑΓ΋ϝϞϦޮ཰͕ߴ͍͕, ݕࡧੑೳ͸ϋογϡςʔϒϧʹٴ͹ͳ͍. τϥ
Πͷ࣮૷ͱͯ͠, ࢬͷબ୒ʹೋ෼୳ࡧΛ༻͍Δೋ෼୳ࡧτϥΠ΍, μϒϧΞϨΠτϥ
Π [5]ͳͲ͕͋͛ΒΕΔ.
σʔλΛ֨ೲ͢Δࡍ,ϝϞϦޮ཰Λ্͛ΔͨΊʹϋϑϚϯූ߸ͳͲͷΤϯτϩϐʔ
ѹॖ΍, Lempel-Ziv [90]ͳͲͷࣙॻࣜѹॖ͕࢖ΘΕΔ͜ͱ΋͋Δ. ͔͠͠,͜ΕΒͷख
๏Ͱ͸ѹॖͨ͠··ݕࡧ (get)͕Ͱ͖ͳ͍. ࣮ࡍʹ,σʔλߏ଄Λ෼ׂͯͦ͠ΕͧΕѹ
ॖ͠, getͷͨͼʹ৳௕͢Δख๏Λ༻͍Δͱ,εϧʔϓοτ͸ஶ͘͠௿Լ͢Δ.
ϝϞϦޮ཰͕ߴ͘, ݕࡧ΋Մೳͳจࣈྻͷ֨ೲखஈͱͯ͠, τϥΠ໦ͷ࣮૷ʹ؆ܿ
σʔλߏ଄ [31] Λ༻͍Δํ๏͕͋Δ. ؆ܿσʔλߏ଄͸ཧ࿦্࠷খݶʹ͍ۙϏοτ
਺Ͱද͢͜ͱ͕Ͱ͖Δ੩తσʔλߏ଄Ͱ͋Δ. ॱং໦Λද͢؆ܿσʔλߏ଄ (؆ܿॱ
ং໦)ʹ͸, Level-Order Unary Degree Sequence (LOUDS) [32] ΍ׅހදه (Balanced
Parentheses, BP) [53], Depth-First Unary Degree Sequence (DFUDS) [8]ͳͲ͕͋Δ. ؆
ܿॱং໦Λ༻͍Δ͜ͱͰ,σʔλߏ଄ͱͯ͠͸ཧ࿦্࠷খݶʹ͍ۙϝϞϦ࢖༻ྔͰจ
ࣈྻͷΩʔͱ஋Λ֨ೲ͢ΔτϥΠ໦Λ࣮ݱ͢Δ͜ͱ͕Ͱ͖Δ. ྫ͑͹, Google IME [30]
Ͱ͸೔ຊޠม׵ࣙॻͷαΠζΛখ͘͞཈͑ΔͨΊʹ LOUDSΛ༻͍͍ͯΔ. ѹॖٕज़
ͱ͸ҟͳΓ,؆ܿσʔλߏ଄ʹର͢Δૢ࡞͸σʔλΛݩͷܗࣜʹల։͢Δ͜ͱͳ࣮͘
ݱͰ͖Δ. ͜ͷͨΊ,؆ܿσʔλߏ଄͸ѹॖٕज़ͱൺֱͯ͠ߴ଎ͳݕࡧ͕ՄೳͰ͋Δ.
؆ܿσʔλߏ଄͸,ϋογϡςʔϒϧ΍ಈతτϥΠ໦ʹݕࡧ଎౓͸ٴ͹ͳ͍͕,ߴ͍
ϝϞϦޮ཰Λ࣮ݱͰ͖Δٕज़Ͱ͋Δ. ͔͠͠, ֨ೲ͢΂͖σʔλ͕શͯଗ͏·Ͱσʔ
λߏ଄Λ࡞੒Ͱ͖ͳ͍ͨΊ, ಈతߋ৽ΛٻΊΔຊݚڀͷ༻్ʹ͸࢖༻Ͱ͖ͳ͍. ಈత
؆ܿॱং໦ [68]ͱݺ͹ΕΔಈతߋ৽ΛՄೳʹ͢Δख๏͕ఏҊ͞Ε͍ͯΔ. ͔͠͠,ಈ
త؆ܿॱং໦ͷجͱͳΔ BP͸ LOUDSͳͲͷଞͷ؆ܿॱং໦ͱൺֱ͢Δͱ getͷੑ
ೳ͕௿͍. ͦͷͨΊ,ಈత؆ܿॱং໦΋ಉ༷ʹ getͷੑೳ͕௿͘,ߴ͍εϧʔϓοτ͕
ٻΊΒΕΔΠϯϝϞϦσʔλετΞͷσʔλߏ଄ʹ͸ద͞ͳ͍.
͜ͷΑ͏ʹ,ैདྷεϧʔϓοτͱϝϞϦޮ཰ͷؔ܎͸τϨʔυΦϑʹͳ͍ͬͯΔ. ͜
ͷ༷ࢠΛਤ 1.2ʹࣔ͢. ਤͷԣ࣠͸֨ೲ͢Δจࣈྻͷ਺,ॎ࣠͸εϧʔϓοτΛදͯ͠
͍Δ. ֨ೲ͢΂͖จࣈྻͷ਺͕গͳ͍৔߹͸ϋογϡςʔϒϧ͕࢖༻Ͱ͖Δ͕,จࣈྻ
ͷ਺͕ଟ͍৔߹͸ϝϞϦʹೖΓ͖Βͳ͘ͳΔͷͰ,εϧʔϓοτΛ٘ਜ਼ʹͯ͠,μϒϧ
ΞϨΠτϥΠͷΑ͏ͳ,ΑΓίϯύΫτͳσʔλߏ଄Λબ୒͢Δ. ͨͩ͠,μϒϧΞϨ
ΠτϥΠͰ΋ϋογϡςʔϒϧͷ 2ഒఔ౓ͷจࣈྻͷ਺͔֨͠ೲͰ͖ͳ͍. ͦͷͨΊ,
จࣈྻͷ਺͕ͦͷ্ݶΛ௒͑Δ৔߹͸ΠϯϝϞϦσʔλετΞΛར༻͢Δ͜ͱ͕Ͱ͖
ͳ͍. ͦͷ৔߹,ओهԱ͸ LRUͳͲͷΞϧΰϦζϜΛ༻͍ͯΩϟογϡͱͯ͠ར༻͠,
σʔλΛೋ࣍هԱʹ֨ೲ͢Δ͜ͱʹͳΔ. ͦͷ݁Ռεϧʔϓοτ͸ஶ͘͠௿Լ͢Δ.
ຊݚڀͰ͸,ೖྗ͞ΕΔจࣈྻ͕,গ਺ͷඇৗʹग़ݱස౓ͷߴ͍จࣈྻͱ,ଟ਺ͷඇ
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Fig 2.1: Fixing the available memory size, faster wins
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ਤ 1.2: ϝϞϦ͕ݶΒΕ͍ͯΔ৔߹,֨ೲ͢΂͖จࣈྻͷ਺ͱεϧʔϓοτ࠷େͷσʔ
λߏ଄ͷؔ܎ (ैདྷํࣜ)
ৗʹग़ݱස౓ͷ௿͍จࣈྻͷ 2௨Γʹ෼͚ΒΕΔ͜ͱΛར༻͢Δ. ۩ମతʹ͸, গ਺
ͷඇৗʹग़ݱස౓ͷߴ͍จࣈྻΛඇৗʹߴ଎ͳσʔλߏ଄ʹ,ଟ਺ͷग़ݱස౓ͷ௿͍
จࣈྻΛ, ඇৗʹϝϞϦޮ཰ͷߴ͍, ίϯύΫτͳσʔλߏ଄ʹ֨ೲ͢Δख๏ΛఏҊ
͢Δ.
͜ͷख๏ʹΑΓ,ਤ 1.2͸,ਤ 1.3ʹॻ͖׵͑ΒΕΔ. ߴ଎ͳσʔλߏ଄ͱίϯύΫ
τͳσʔλߏ଄ͷׂ߹Λ֨ೲ͢΂͖จࣈྻͷ਺ʹԠܾͯ͡ΊΔ͜ͱͰ,શͯͷจࣈྻ
ΛओهԱʹอ࣋Ͱ͖ΔൣғΛ޿͛Δ. ͦͯ͠, ߴ଎ͳσʔλߏ଄ʹΑΓଟ͘ͷϝϞϦ
ΛׂΓ౰ͯΔ͜ͱͰ, ΑΓߴ͍εϧʔϓοτΛ࣮ݱ͢Δ. จࣈྻͷ਺͕ίϯύΫτͳ
σʔλߏ଄Ͱ΋ϝϞϦʹ֨ೲͰ͖ͳ͍΄Ͳଟ͍৔߹͸,ఏҊख๏΋ར༻Ͱ͖ͳ͘ͳΔ.
ຊݚڀͰ͸,ߴ଎ͳσʔλߏ଄ͱͯ͠ϋογϡςʔϒϧΛ࢖༻͢Δ. ϋογϡςʔϒ
ϧ͸ߴ଎͕ͩϝϞϦޮ཰ͷ௿͍σʔλߏ଄Ͱ͋Δ.
ຊݚڀͰ͸,ίϯύΫτͳσʔλߏ଄ͱͯ͠, LOUDSΛ༻͍ͯτϥΠ໦Λ࣮ݱͨ͠
LOUDSτϥΠΛ༻͍Δ͜ͱΛఏҊ͢Δ. LOUDSτϥΠ͸Ұ౓ߏங͢ΔͱมߋͰ͖ͳ
͍੩తσʔλߏ଄Ͱ͋Δ. ͦͷͨΊ,ຊݚڀͰ͸,ϓϩάϥϜͷ࣮ߦதʹ,৽͍͠จࣈ
ྻͱ஋ͷ૊ΛؚΉ LOUDSτϥΠΛ܁Γฦ͠ߏங͢Δํ๏ΛఏҊ͢Δ. ͜ΕʹΑΓ͋
͔ͨ΋ LOUDSτϥΠʹ৽͍͠จࣈྻͱ஋ͷ૊Λ௥ՃͰ͖Δ͔ͷΑ͏ʹݟ͔͚ͤΔ.
ຊݚڀͰ͸,͜ͷߏஙख๏Λ LOUDSτϥΠͷΦϯϥΠϯߏஙͱݺͿ. LOUDSτϥΠ
ͷΦϯϥΠϯߏஙͰ͸,௥Ճ͞ΕΔจࣈྻͱ஋ΛόοϑΝʹ஝͑, LOUDSτϥΠΛ࡞
੒͢Δ.
ຊݚڀͰ͸,ϋογϡςʔϒϧͱ LOUDSτϥΠΛ༻͍Δख๏ͷશମΛOnline LOUDS
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ਤ 1.3: ϝϞϦ͕ݶΒΕ͍ͯΔ৔߹,֨ೲ͢΂͖Ωʔͷ਺ͱεϧʔϓοτ࠷େͷσʔλ
ߏ଄ͷؔ܎ (ఏҊํࣜ)
Trie Version 1 (OLT1) [37]ͱݺͿ. OLT1Ͱ͸, LOUDSτϥΠߏஙʹඞཁͳ෯༏ઌ૸
ࠪʹదͨ͠ೋ෼୳ࡧτϥΠΛόοϑΝʹ༻͍Δ. ॱ࣍ߏங͞ΕΔ LOUDSτϥΠ͸Ϧ
ετʹ௥Ճ͞Ε, ݕࡧ࣌ʹ͸, ͦͷϦετͷ৽͍͠΋ͷ͔Βॱʹݕࡧͯ͠࠷ॳʹݟͭ
͔ͬͨཁૉ͕ฦ͞ΕΔ. Ϧετ͕௕͘ͳΔͱݕࡧ͕࣌ؒ௕͘ͳΔ. ͦ͜Ͱ, OLT1Ͱ͸
Ϧετதͷ LOUDSτϥΠΛϩάߏ଄Ϛʔδ໦ [58]ͱಉ༷ͷख๏ͰϚʔδ͢Δ. ैདྷ
ͷϩάߏ଄Ϛʔδ໦ͱ͸ҟͳΓ, OLT1Ͱ͸,σʔλͷॻ͖ࠐΈઌ͕ओهԱͰ͋Γ,ॻ
͖ࠐ·ΕΔ໦ߏ଄͕ LOUDSτϥΠͰ͋Δ.
OLT1Ͱ͸Ϛʔδճ਺ΛݮΒ͢͜ͱ΋ੑೳ޲্ʹ͸ॏཁͰ͋Δ. ͨͩ͠,طʹड़΂ͨ
Α͏ʹ, LOUDSτϥΠΛ֨ೲ͢ΔϦετ͕௕͘ͳΔͱݕࡧੑೳ͕མͪΔͨΊ,୯ʹΑ
Γଟ͘ͷ LOUDSτϥΠΛҰ౓ʹϚʔδ͢Δ͜ͱͰϚʔδճ਺ΛݮΒ͢ํ๏Ͱ͸ੑೳ
͕௿Լͯ͠͠·͏. ͜ͷ໰୊Λղܾ͢ΔͨΊ, OLT1Ͱ͸֤ LOUDSτϥΠʹରԠͨ͠
ϒϧʔϜϑΟϧλ [9]Λ࡞੒ͯ͠,ߴ͍֬཰ͰٻΊΔจࣈྻؚ͕·ΕΔ LOUDSτϥ
Π͚ͩΛબ୒ͯ͠ݕࡧͰ͖ΔΑ͏ʹ͢Δ [37].
LOUDSτϥΠΛϚʔδ͢Δ୯७ͳํ๏͸, ର৅ͷτϥΠ໦͔Β͢΂ͯͷΩʔΛऔ
Γग़͠,΋͏Ұ౓,ೋ෼୳ࡧτϥΠͳͲͷதؒόοϑΝʹ௥Ճͯ͠શମΛ࡞Γ௚͢͜ͱ
Ͱ͋Δ. ͔͠͠,͜ͷ୯७ͳํ๏͸͢΂ͯͷΩʔΛϝϞϦ࢖༻ྔͷେ͖͍தؒόοϑΝ
ʹ֨ೲ͢Δඞཁ͕͋Γ,શମͱͯ͠େ͖ͳϝϞϦྖҬΛඞཁͱ͢Δ. ͔͠͠,தؒόο
ϑΝΛ࢖Θͣʹ,Ϛʔδ͞ΕΔ͢΂ͯͷτϥΠ໦ΛॱʹͨͲΓͳ͕Β,৽͍͠ LOUDS
τϥΠΛߏங͢ΔΞϧΰϦζϜ͸ෳࡶͰ͋Δ.
OLT1Ͱ͸ෳ਺ͷτϥΠ໦ΛԾ૝తʹ߹੒͞Εͨ 1ͭͷτϥΠ໦ͱͯ͠ѻ͏ख๏ (Ծ
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૝ϊʔυ)Λ༻͍Δ͜ͱͰ,؆ܿͳΞϧΰϦζϜͰϚʔδΛՄೳʹ͢Δ [38]. Ծ૝ϊʔ
υʹΑͬͯ,தؒόοϑΝΛ࢖Θͣʹ,୯ҰͷτϥΠ໦͔Β LOUDSτϥΠΛ࡞੒͢Δ
ΞϧΰϦζϜͱશ͘ಉ͡΋ͷΛ࢖༻ͯ͠ LOUDSτϥΠΛϚʔδ͢Δ͜ͱ͕Ͱ͖Δ.
Ծ૝ϊʔυʹΑͬͯ, Ϛʔδޙͷ LOUDS τϥΠʹରͯ͠, ద੾ͳαΠζͷϒϧʔϜ
ϑΟϧλΛ࡞੒͢Δͷ΋,୯ҰͷτϥΠ໦͔Β࡞੒͢ΔΞϧΰϦζϜͱશ͘ಉ͡΋ͷ
͕࢖͑Δ. OLT1Ͱ͸,Ծ૝ϊʔυΛར༻ͯ͠Ϛʔδͱಉ࣌ʹϒϧʔϜϑΟϧλΛੜ੒
͠,Ϛʔδ࣌ؒͷ୹ॖ΋࣮ݱ͢Δ.
OLT1Ͱ͸, LOUDS τϥΠͷ΄͔, ϋογϡςʔϒϧ, LOUDS τϥΠߏஙͷதؒ
όοϑΝͱͯ͠࢖༻͢Δೋ෼୳ࡧτϥΠ͕༻͍ΒΕΔ. ͔͠͠, ͦΕΒͷσʔλߏ଄
ʹର͢Δ࠷దͳϝϞϦׂ౰͸ೖྗσʔλʹґଘ͍ͯ͠ΔͨΊ,ΦϯϥΠϯͰ࠷దԽ໰
୊ͱͯ͠ղ͘͜ͱ͸೉͍͠.
͜ͷ໰୊Λղܾ͢ΔͨΊʹ,ຊݚڀͰ͸, OLT1ʹՃ͑ͯ,༩͑ΒΕͨ࢖༻ՄೳϝϞ
ϦΛݟͳ͕Βࣗ཯తʹϝϞϦΛ഑෼͢Δख๏ΛఏҊ͢Δ. ͜ͷख๏Λ Online LOUDS
Trie Version 2 (OLT2) [39]ͱݺͿ. OLT2͸,࢒Γ࢖༻ՄೳϝϞϦྔ͔Β,தؒόοϑΝ
ʹׂΓ౰ͯΔϝϞϦྔΛܾఆ͠,࢒ΓΛϋογϡςʔϒϧʹׂΓ౰ͯΔ. ϋογϡςʔ
ϒϧ͕͍ͬͺ͍ʹͳͬͨΒ,ͦͷ಺༰ΛதؒόοϑΝʹ֨ೲ͠,ϋογϡςʔϒϧΛഁ
غ͢Δ. ϋογϡςʔϒϧͷۭ͖ྖҬʹ LOUDSτϥΠΛ࡞੒͠,தؒόοϑΝΛഁغ
͢Δ.
ຊݚڀͰ͸,ఏҊख๏ʹج͖ͮ, JavaݴޠʹΑΓΠϯϝϞϦσʔλετΞͷͨΊͷί
ϯύΫτͳσʔλߏ଄Λ࣮ݱͨ͠. ࣮ݱͨ͠σʔλߏ଄͸,શจݕࡧΤϯδϯ Apache
Luceneʹ૊ΈࠐΜͰར༻ՄೳͰ͋Δ. ࣮ݱͨ͠σʔλߏ଄ʹ,ද 1.1ʹࣔͨ͠ 3ͭͷ
σʔληοτΛೖྗ͠ੑೳΛଌఆͨ͠. ੑೳଌఆʹ༻͍ͨϓϩάϥϜ͸, Apache Lucene
ͰࡧҾΛͭ͘ΔΞϓϦέʔγϣϯΛ૝ఆͨ͠΋ͷͰ͋Δ. ͦͷ݁Ռ,ఏҊख๏ OLT1Ͱ
͸,طଘͷ୅දతͳख๏Ͱ͋Δϋογϡςʔϒϧ΍μϒϧΞϨΠΑΓ΋ίϯύΫτͰ
͋Γ,ΑΓଟ͘ͷΩʔͱ஋Λอ࣋Ͱ͖Δ͜ͱΛ֬ೝͨ͠. ͜ͷ࣌,ϒϧʔϜϑΟϧλͷ
ϝϞϦ࢖༻ྔ΍εϧʔϓοτͷ޲্Λ֬ೝͨ͠. ͞Βʹ,ఏҊख๏ OLT2Ͱ͸,طଘख
๏Ͱ͋ΔμϒϧΞϨΠΑΓ΋ߴ͍εϧʔϓοτΛಘΔ͜ͱ͕Ͱ͖ͨ. ͜ΕʹΑΓ,ఏҊ
ख๏ OLT2͸,ݶΒΕͨϝϞϦͰϋογϡςʔϒϧʹೖΓ͖Βͳ͍Α͏ͳଟ͘ͷ݅਺
ͷΩʔΛอ࣋͠ͳ͚Ε͹ͳΒͳ͍࣌ʹ,͜ΕΒطଘͷͲͷख๏ΑΓ΋ߴ͍εϧʔϓο
τΛ࣮ݱͰ͖Δ͜ͱΛ֬ೝͨ͠.
ຊ࿦จͷߏ੒ΛҎԼʹࣔ͢. 2ষͰ͸,ؔ࿈͢ΔݚڀΛࣔ͢. 3ষͰ͸,ఏҊํࣜͷయ
ܕతͳΞϓϦέʔγϣϯͱͯ͠, Apache LuceneΛ༻͍ͨςΩετղੳγεςϜͱ,ٻ
ΊΒΕΔΠϯϝϞϦσʔλετΞͷཁ݅Λࣔ͢. 4ষͰ͸, LODUSτϥΠͷΦϯϥΠ
ϯߏஙΛ࣮ݱ͢ΔఏҊख๏ OLT1ʹ͍ͭͯड़΂Δ. 5ষͰ͸,ࣗ཯తʹϋογϡςʔϒ
ϧ, LOUDSτϥΠ,͓Αͼೋ෼୳ࡧτϥΠͷϝϞϦ഑෼ΛܾΊΔఏҊख๏ OLT2ʹͭ
͍ͯड़΂Δ. 6ষͰ͸,ఏҊख๏ͷޮՌΛݕূ͢Δ࣮ݧΛߦ͏. 7ষͰ͸,ຊ࿦จͷ݁࿦
Λ·ͱΊΔ.
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ୈ2ষ ؔ࿈͢Δݚڀ
͜ͷষͰ͸,ຊݚڀʹؔ࿈͢Δݚڀʹ͍ͭͯड़΂Δ.
2.1 ΠϯϝϞϦσʔλετΞ
طଘͷΠϯϝϞϦσʔλετΞ͸༷ʑͳܗଶͰఏڙ͞Ε͍ͯΔ. େ͖͘͸, ΞϓϦ
έʔγϣϯͷϓϩάϥϜʹ૊ΈࠐΜͰ࢖༻͢Δ΋ͷͱ,ಠཱͨ͠αʔό,΋͘͠͸Ϋϥ
ελΛߏ੒ͯ͠ϓϩηεؒ௨৴ʹΑͬͯೖग़ྗΛߦ͏΋ͷʹ෼ྨ͞ΕΔ.
Memcached [49] ͸ಠཱͨ͠αʔόͱͯ͠ಈ࡞͢ΔΠϯϝϞϦσʔλετΞͰ͋
Δ. σʔλϕʔεͷෛՙΛ௿ݮ͢ΔͨΊʹ, ෳ਺ͷWebαʔό͔Βར༻͞ΕΔڞ༗
Ωϟογϡͷ༻్Ͱଟ͘༻͍ΒΕ͍ͯΔ. ಺෦Ͱ࢖༻͞ΕΔओͳσʔλߏ଄͸ϋογϡ
ςʔϒϧͰ͋Δ. Brad FitzpatrickʹΑͬͯ 2003೥ʹ։ൃ͕࢝·ͬͨ. Memcachedʹ
͸, Ωʔ͕ଘࡏ͠ͳ͍ͱ͖ʹ͚ͩΩʔͱ஋Λॻ͖ࠐΉػೳ͕ఏڙ͞Ε͍ͯΔ. ·ͨ,
Spymemcached [70]ͳͲͷϥΠϒϥϦʹΑΓ,ඇಉظͰॻ͖ࠐΈΛߦ͏API͕ఏڙ͞
Ε͍ͯΔ. ͜ΕΒΛ૊Έ߹ΘͤΔ͜ͱʹΑͬͯ, ΫϥΠΞϯτଆͰݺͼग़͠ͷؼΓΛ
଴ͭ͜ͱͳ͘ॏෳഉআΛ࣮૷Ͱ͖Δ.
Redis [71]͸ಠཱͨ͠αʔόͱͯ͠ಈ࡞͢ΔΠϯϝϞϦσʔλετΞͰ͋Δ. ߴՄ
༻ੑΫϥελ (Redis Sentinel) ΍σʔλ෼ࢄΫϥελ (Redis Cluster) ͱͯ͠ߏ੒Ͱ͖
Δ. ෳ਺ͷWebαʔό͔Βར༻͞ΕΔڞ༗Ωϟογϡͷ༻్Ͱଟ͘༻͍ΒΕ͍ͯΔ. ಺
෦Ͱ࢖༻͞ΕΔओͳσʔλߏ଄͸ϋογϡςʔϒϧͰ͋Δ. ஋ʹϦετ΍ϚοϓͳͲ,
͍͔ͭ͘ͷσʔλߏ଄Λ࢖༻Ͱ͖Δ. Salvatore SanfilippoʹΑͬͯ 2009೥͔Β։ൃ͕
࢝·ͬͨ. Pipelineͱݺ͹ΕΔίϚϯυΛ࿈ଓͯ͠ॲཧ͢Δ API͕ఏڙ͞Ε͓ͯΓ,ෳ
਺ͷΩʔʹؔ͢ΔॲཧΛ·ͱΊͯαʔόʹૹ৴ͯ͠ॲཧͰ͖Δ. ·ͨ, Redisʹ΋Ωʔ
͕ଘࡏ͠ͳ͍ͱ͖ʹ͚ͩΩʔͱ஋Λॻ͖ࠐΉػೳ͕͋Γ, Pipelineͱ૊Έ߹ΘͤΔ͜
ͱͰ,ΫϥΠΞϯτଆͰΩʔ͝ͱͷॲཧͷؼΓΛ଴ͭ͜ͱͳ͘ॏෳഉআΛ࣮૷Ͱ͖Δ.
ΫϥΠΞϯτϥΠϒϥϦʹ͸ Jedis [42]ͳͲ͕͋Δ.
Infinispan [10]͸, JavaʹΑΔ෼ࢄΠϯϝϞϦσʔλετΞͰ͋Δ. ಠཱͨ͠αʔό
͔Ϋϥελ, ΋͘͠͸, ΞϓϦέʔγϣϯʹ૊Έࠐ·ΕͨܗଶͰ࢖༻Ͱ͖Δ. Ϋϥε
λߏ੒Ͱ͸ϨϓϦέʔγϣϯ΍σʔλ෼ׂͳͲͷػೳ͕ఏڙ͞ΕΔ. ΞϓϦέʔγϣ
ϯαʔόͰ͋Δ Wildfly [61] ʹؚ·Ε͓ͯΓ, ΞϓϦέʔγϣϯαʔόͷڞ༗Ωϟο
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γϡͱͯ͠࢖༻͞ΕΔ. ಺෦Ͱ࢖༻͞ΕΔओͳσʔλߏ଄͸ϋογϡςʔϒϧͰ͋Δ.
JBoss Cacheͷޙܧͱͯ͠ Red HatʹΑͬͯ 2009೥͔Β։ൃ͕࢝·ͬͨ. InfinispanΛ
ΞϓϦέʔγϣϯαʔόʹ૊ΈࠐΜͰΠϯϓϩηεͷΩϟογϡͱͯ͠ߏ੒ͨ͠৔߹
ʹ͸,ωοτϫʔΫͷΦʔόʔϔουΛճආͰ͖ΔͨΊ,αʔόΫϥΠΞϯτܕͷ৔߹
ͱൺֱͯ͠ΑΓߴ͍εϧʔϓοτΛಘΒΕΔ.
ຊ࿦จͰఏҊ͢Δσʔλߏ଄͸,ػೳͱͯ͠ putͱ getΛఏڙ͠,ΞϓϦέʔγϣϯ
ͷϓϩάϥϜʹ૊ΈࠐΜͰ࢖༻͞ΕΔΠϯϝϞϦσʔλετΞͷ಺෦࣮૷ͱͯ͠࢖༻
͞ΕΔ͜ͱΛ૝ఆ͍ͯ͠Δ. ຊݚڀͰ͸, ্هͷΠϯϝϞϦσʔλετΞ͕಺෦࣮૷
ͱͯ͠࢖༻͢ΔϋογϡςʔϒϧΑΓ΋ίϯύΫτͳσʔλߏ଄ΛఏҊ͢Δ.
2.2 ϋογϡςʔϒϧ
Ωʔͱ஋ͷؔ܎Λอ࣋͢Δσʔλߏ଄͸,ϓϩάϥϛϯάݴޠͰ͸,࿈૝഑ྻ΍Ϛο
ϓ,ࣙॻͳͲͱݺ͹ΕΔ. ͦͷ࣮૷ʹ͸ϋογϡςʔϒϧ͕࠷΋Α͘࢖༻͞ΕΔ. Ωʔ
όϦϡʔετΞͷଟ͘Ͱ΋಺෦ͷ࣮૷ʹϋογϡςʔϒϧ͕༻͍ΒΕ͍ͯΔ [10,16–
18,44,45,49,62,71]. ͦͷ΄͔,ςΩετղੳγεςϜͰ࢖༻͞ΕΔ Apache Lucene [22]
΋಺෦ͰϋογϡςʔϒϧΛ༻͍͍ͯΔ.
ϋογϡςʔϒϧ͸ಛʹݕࡧ଎౓͕଎͍͕,εύʔεͳ഑ྻʹΑ࣮ͬͯݱ͞ΕΔͨ
ΊҰൠʹϝϞϦޮ཰͕௿͍. Χοίʔϋογϡ [59]΍ϗοϓείονϋογϡ [28]Ͱ
͸,ෳ਺ͷϋογϡදΛ༻͍ͯিಥ֬཰ΛԼ͛Δ͜ͱͰσʔλߏ଄ͷີ౓Λ্͛ͯϝ
ϞϦޮ཰Λվળ͍ͯ͠Δ. ͔͠͠, ຊݚڀͷର৅Ͱ͋ΔจࣈྻΩʔ͕௕͍ΞϓϦέʔ
γϣϯͰ͸,ΩʔͷαΠζ͕શମͷαΠζͷଟ͘Λ઎ΊΔͨΊ,͜ΕΒͷվળ͕ϝϞϦ
ޮ཰ʹد༩͢Δׂ߹͸খ͍͞.
ຊݚڀͰ͸,ߴ଎ͳσʔλߏ଄ͱͯ͠,εύʔεͳ഑ྻʹΑ࣮ͬͯݱ͞ΕΔϋογϡ
ςʔϒϧͷ࣮૷Λ༻͍Δ.
2.3 ໦ߏ଄
ϋογϡςʔϒϧͱฒͼ,࿈૝഑ྻΛ࣮ݱ͢ΔͨΊʹΑ͘࢖༻͞ΕΔσʔλߏ଄ʹ
ฏߧೋ෼୳ࡧ໦͕͋Δ. ͨͱ͑͹ฏߧೋ෼୳ࡧ໦ͷͻͱͭͰ͋Δ੺ࠇ໦͸ LinuxΧʔ
ωϧ [21]ͷ࣮૷ͳͲͰ޿͘࢖ΘΕ͍ͯΔ. ฏߧೋ෼୳ࡧ໦͸ΩʔΛ໦ߏ଄ʹॱংʹԠ
ͯ͡഑ஔ͠ͳ͕Β, ೋ෼໦ͷࠨӈͷϊʔυ਺ͷόϥϯεΛอͭख๏Ͱ͋Δ. ฏߧೋ෼
୳ࡧ໦͸ൣғݕࡧΛޮ཰Α࣮͘ݱͰ͖, ࠷ѱ࣌ͷݕࡧੑೳʹ༏ΕΔ. όϥϯεΛอͭ
ͨΊͷϊʔυͷҠಈ͕ඞཁͳ͜ͱ,จࣈྻ͕Ωʔͷ࣌͸ݕࡧ࣌ʹ֤ࢬͰจࣈྻͲ͏͠
ͷൺֱΛ܁Γฦ͢ඞཁ͕͋Δ͜ͱͳͲʹΑΓ,Ωʔ͕௕͍৔߹͸ޙड़ͷτϥΠ໦΍ 2.2
અͰड़΂ͨϋογϡςʔϒϧͷํ͕ݕࡧੑೳ͕ߴ͍.
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จࣈྻΛΩʔͱͯ͠ѻ͏৔߹͸τϥΠ໦ [24]͕࢖ΘΕΔ͜ͱ΋͋Δ. ྫ͑͹,ܗଶ
ૉղੳΤϯδϯͰ͋ΔMeCab [40]Ͱ͸τϥΠ໦ͷ࣮૷ͷ 1ͭͰ͋ΔμϒϧΞϨΠτ
ϥΠ [5]͕࢖ΘΕ͍ͯΔ. τϥΠ໦͸จࣈྻͷ઀಄ࣙΛڞ༗͢Δߏ଄Λ࣋ͭͷͰ,Ұൠ
ʹϋογϡςʔϒϧ΍ฏߧೋ෼໦ΑΓ΋ϝϞϦޮ཰͕ߴ͍. ͦͷΑ͏ͳτϥΠͷྫͱ
ͯ͠,ೋ෼୳ࡧτϥΠ΍μϒϧΞϨΠτϥΠ͕͋͛ΒΕΔ.
τϥΠ໦͸ࢬʹจࣈΛରԠ෇͚, ໦ͷ͔ࠜΒॱʹ, ΩʔͷΞϧϑΝϕοτʹରԠ͢
ΔࢬΛݟ͚ͭͳ͕ΒϊʔυΛͨͲΔ͜ͱͰݕࡧΛߦ͏. ͜ͷࢬΛ୳ࡧ͢Δૢ࡞ͷ଎͞
ʹΑͬͯτϥΠ໦ͷݕࡧ଎౓͕ܾ·Δ. ྫ͑͹, ֤ϊʔυʹΩʔʹ࢖༻͢ΔΞϧϑΝ
ϕοτͱಉ਺ͷཁૉΛ࣋ͭ഑ྻΛ༻ҙ͠,ΞϧϑΝϕοτͱ഑ྻͷఴ͑ࣈΛରԠ෇͚,
഑ྻͷ஋ʹࢬͷ৘ใΛ֨ೲ͢Ε͹,͋Δϊʔυʹ͓͚Δࢬͷ୳ࡧ͕ఆ਺࣌ؒͰ࣮ߦͰ
͖Δ. ͕ͨͬͯ͠ΩʔΛݕࡧ͢Δ࣌ؒ͸Ωʔͷ௕͞ʹൺྫͨ࣌ؒ͠ʹͳΔ. ͜Εʹର
͠,ϋογϡςʔϒϧͷݕࡧ΋,จࣈྻΩʔͷϋογϡ஋ͷܭࢉʹ͸Ωʔͷ௕͞ʹൺྫ
͕͔͔ͨ࣌ؒ͠ΔͨΊ,Ωʔ͕௕͍৔߹,Ωʔͷ௕͞ʹൺྫͨ͠ݕࡧ࣌ؒͱͳΔ. ϋο
γϡςʔϒϧʹ͸ϋογϡ஋ͷিಥ͕͋Δ৔߹ʹݕࡧޮ཰͕མͪΔ໰୊͕͋ΔͨΊ,
িಥ͕සൃ͢Δ৔߹͸ϋογϡςʔϒϧͷํ͕τϥΠ໦ΑΓ΋ݕࡧ଎౓͕஗͍৔߹͕
͋Δ. ௨ৗ͸࠶ϋογϡͳͲʹΑΓ,ϋογϡ஋ͷিಥ͸௿͍֬཰ʹ཈͑ΒΕΔͨΊ,
ϋογϡςʔϒϧͷํ͕τϥΠ໦ΑΓ΋ߴ଎ʹݕࡧͰ͖Δ.
μϒϧΞϨΠτϥΠ [5] ͸ࢬͷߏ଄ʹ഑ྻΛ༻͍ΔτϥΠ໦ͷ࣮૷ͷҰछͰ͋Δ.
μϒϧΞϨΠτϥΠͰ͸ࢬͷߏ଄ʹ୯७ͳ഑ྻΛ༻͍Δํ๏ͷϝϞϦޮ཰ͷѱ͞Λվ
ળ͢Δ. ࢬΛ഑ྻͰද͢ͱ֤ϊʔυͷจࣈ͔Βࢬͷ୳ࡧ͸ఆ਺࣌ؒʹͳΓݕࡧ͕ߴ଎
ʹͳΔ. ͔͠͠, ࢬͷ෼ذ͕গͳ͍ϊʔυͰ͸ଟ͘ͷۭͷཁૉΛ࣋ͭ͜ͱʹͳΓϝϞ
Ϧޮ཰͕ѱ͍. μϒϧΞϨΠτϥΠͰ͸͜ΕΒͷ഑ྻͷۭͷཁૉͷ෦෼Λଞͷ഑ྻͷ
ཁૉͱͯ͠࢖༻͢Δ͜ͱͰϝϞϦޮ཰ΛߴΊΔ. ॏͶ߹Θͤͨ഑ྻ͸ 1ຊͷ഑ྻͱͳ
Γ, ͜ͷ഑ྻ͚ͩͰ͸֤ཁૉ͕Ͳͷϊʔυʹଐ͢Δ͔෼͔Βͳ͍. ͦͷͨΊ֤ཁૉ͕
Ͳͷϊʔυʹଐ͢Δ͔Λදͨ͢Ίʹ΋͏ 1ຊͷ഑ྻ͕࡞੒͞ΕΔ. ͜ΕʹΑΓϝϞϦ
ޮ཰͕ߴ͘ݕࡧͷ଎͍σʔλߏ଄͕ಘΒΕΔ.
τϥΠ໦ͷϝϞϦޮ཰ΛߴΊΔ Directed Acyclic Word Graph (DAWG) [13, 84]͕ఏ
Ҋ͞Εͨ. DAWG [13]͸,τϥΠ໦Λܾఆੑ༗ݶΦʔτϚτϯ (DFA)ͷҰछͱͯ͠ݟ
ͯϊʔυ਺Λ࠷খԽͨ͠σʔλߏ଄Ͱ͋Δ. τϥΠ໦ͱಉ༷ʹจࣈྻΛ֨ೲ͠, ߴ଎
ͳݕࡧ͕ՄೳͰ͋Δ. τϥΠ໦ͷ࣮૷Ͱ͸ڞ௨͢ΔΩʔͷ઀಄ࣙΛ࠷খ઀಄ࣙ໦ʹ֨
ೲ͠,ͦΕҎ߱ͷ෦෼จࣈྻΛ TAILͱݺ͹ΕΔผͷσʔλߏ଄ʹ֨ೲ͢Δ. ௨ৗͷτ
ϥΠ໦Ͱ͸ TAIL͸഑ྻ͕ͩ, TAILͷσʔλߏ଄ΛผͷτϥΠ໦΍ϋογϡςʔϒϧ
ʹ͢Δ͜ͱͰ,ڞ௨ͷ෦෼จࣈྻΛ·ͱΊͯϊʔυ਺Λ࡟ݮͰ͖Δ.
ຊ࿦จͰఏҊ͢Δσʔλߏ଄͸,μϒϧΞϨΠτϥΠΑΓ΋ଟ͘ͷจࣈྻΛ֨ೲ͠,
ಉ͡จࣈྻͷ਺Λ֨ೲ͢Δ৔߹ʹ͸,ΑΓߴ͍εϧʔϓοτΛ࣮ݱ͢Δ.
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2.4 ؆ܿσʔλߏ଄
؆ܿσʔλߏ଄͸ཧ࿦తʹ࠷খݶʹ͍ۙϏοτ਺Ͱද͞ΕΔσʔλߏ଄ͷ૯শͰ͋
Δ [31]. ؆ܿσʔλߏ଄͸,σʔλѹॖͱ͸ҟͳΓ,৳௕Λඞཁͱͤͣʹ༷ʑͳૢ࡞Λ
ߦ͏͜ͱ͕Ͱ͖Δ. ͦͷΑ͏ͳૢ࡞Λ࣮ݱ͢ΔͨΊ,׬උࣙॻ [36]ͳͲͷશମͷαΠ
ζͱൺֱͯ͠খ͞ͳαΠζͷࡧҾΛ෇Ճ͢Δ. ͜ͷࡧҾͷαΠζ͸؆ܿσʔλߏ଄ʹ
֨ೲ͢Δཁૉ਺ n͕େ͖͍ͱ͖ʹ઴ۙతʹఆ਺ͱΈͳͤΔ. ͜ͷΑ͏ʹ, n͕େ͖͍
ͱ͖઴ۙతʹఆ਺ͱΈͳͤΔؔ਺Λ o(n)ͱදه͢Δ. ྫ͑͹,ϊʔυ਺ nͷॱং໦Λ
ද͢࠷খݶͷϏοτ਺͸ 2nͰ͋Γ,ͦͷ؆ܿσʔλߏ଄͸ 2n+ o(n)ϏοτΛඞཁͱ
͢Δ. ͜ͷͱ͖,ϊʔυͷ਺ n͕େ͖͘ͳΔͱ,ॱং໦ͷ؆ܿσʔλߏ଄ͷαΠζ͸઴
ۙతʹ 2nʹ͍͍ۙͮͯ͘.
ओͳॱং໦ͷ؆ܿσʔλߏ଄ʹ͸ LOUDS (Level Order Unary Degree Sequence) [32],
BP (Balanced Parenthesis) [53], DFUDS (Depth-First Unary Degree Sequence) [8] ͕͋
Δ. ͜Ε·Ͱʹ,ॱং໦ͷଞ,ॱྻ [52]΍άϥϑ [20]ͳͲͷ؆ܿσʔλߏ଄͕ఏҊ͞
Εͨ. ؆ܿॱং໦ LOUDS, BP,͓Αͼ DFUDSʹΑΔτϥΠ໦ͷ C++ݴޠʹΑΔ࣮૷
͕͋Δ [85].
LOUDS͸؆ܿσʔλߏ଄Ͱ͋Γ, nݸͷϊʔυΛ࣋ͭॱং໦Λ 2n+ 1ϏοτͰද
ݱ͢Δ. ͜ΕʹՃ͑ͯ O(log n) Ϗοτͷ׬උࣙॻ [36] Λ࣋ͭ͜ͱͰ, ͋Δϊʔυͷ
࠷ॳͷࢠ,ྡͷϊʔυ,ΞϧϑΝϕοτΛऔΓग़͢ૢ࡞Λఆ਺࣌ؒͰ࣮ݱͰ͖Δ [60].
LOUDSʹΑΔτϥΠͷ࣮૷Ͱ͋Δ LOUDSτϥΠΛ༻͍Δͱ, ཧ࿦্࠷খݶʹ͍ۙ
ϝϞϦ࢖༻ྔͰจࣈྻΛ֨ೲͰ͖Δ. LOUDS τϥΠ͸, ੩తσʔλߏ଄Ͱ͋ΔͨΊ,
Ұ౓ߏங͢ΔͱσʔλΛ௥Ճ͢Δ͜ͱ͕Ͱ͖ͳ͍.
ॱং໦ʹ͍ͭͯ, ߋ৽ΛؚΉΑΓ๛෋ͳૢ࡞ͷ࣮ݱํ๏΋ݚڀ͞Ε͍ͯΔ. ಈత؆
ܿॱং໦ [68] [69]͸, ηάϝϯτʹ෼ׂ͞Εͨ BPͱ, ෼ׂ͞ΕͨηάϝϯτΛݕࡧ
͢Δख๏Λ૊Έ߹ΘͤΔ͜ͱͰ,ଟ͘ͷૢ࡞Λ O(log n log log n)࣌ؒͰ࣮ߦͰ͖,͔ͭ
ಈతߋ৽΋ۉ࣌ؒ͠Ͱ O(log n)Ͱߦ͑Δ؆ܿσʔλߏ଄Ͱ͋Δ. BP͸໦ͷࢬΛਂ͞
༏ઌॱͰฒ΂ͨϏοτྻͰ͋ΔͨΊ,ڞ௨઀಄ࣙΛ࣋ͭ෦෼໦͕ྡ઀ͨ͠Ϗοτྻʹ
ݱΕΔ. ಈత؆ܿॱং໦Ͱ͸,͜ͷ͜ͱΛར༻ͯ͠઀಄ࣙΛڞ༗͢Δ෦෼໦Λ෼ׂ͠,
ͦͷ୯ҐͰ࠶ߏங͢Δ͜ͱͰಈతߋ৽Λ࣮ݱ͍ͯ͠Δ. ෼ׂ͞Εͨ෦෼໦͸ͦͷ෦෼
໦ʹؚ·ΕΔϊʔυ൪߸ͷ࠷େ஋ͱ࠷খ஋Λอ࣋͢Δ۠ؒ໦ͷҰछͰ͋Δ۠ؒ࠷େ࠷
খ໦ [63]ͷ༿ʹϦϯΫ͞Ε,ޮ཰Α͘ϊʔυͷݕࡧ͕ߦΘΕΔ.
LOUDSτϥΠͷݕࡧੑೳͱൺֱͯ͠, BPʹΑΔτϥΠ໦ͷݕࡧੑೳ͸ஶ͘͠௿͍.
Αͬͯ, BPͷ೿ੜͰ͋Δಈత؆ܿॱং໦͸ BPͱಉ༷ʹݕࡧੑೳ͕௿͍. ͦͷͨΊ,ಈ
తߋ৽͕ٻΊΒΕΔέʔεͰ΋ݕࡧੑೳʹ༏ΕΔ LOUDS τϥΠͷ࢖༻͕๬·ΕΔ
͕,෯༏ઌ૸ࠪͰ࡞੒͞ΕΔ LOUDSͷϏοτྻ͸ڞ௨઀಄ࣙΛ࣋ͭ෦෼໦ʹ෼ׂ͢
Δ͜ͱ͕Ͱ͖ͳ͍ͨΊ,ಈత؆ܿॱং໦ͱಉ༷ͷߋ৽ํ๏͸࢖༻Ͱ͖ͳ͍.
ఏҊख๏Ͱ͸,ಈత؆ܿॱং໦ͱ͸ҟͳΓ, 2.6અͰઆ໌͢Δϩάߏ଄Ϛʔδ໦ͱಉ
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༷ͷํࣜΛ༻͍ͯ LOUDSτϥΠΛΦϯϥΠϯߏங͢Δ. ͜ΕʹΑΓ, ΑΓੑೳͷྑ
͍ LOUDSτϥΠΛಈతߋ৽͕ඞཁͳΠϯϝϞϦσʔλετΞͷ಺෦࣮૷ͱͯ͠࢖༻
Ͱ͖ΔΑ͏ʹ͢Δ.
2.5 ϒϧʔϜϑΟϧλ
ϒϧʔϜϑΟϧλ [9]͸,Ωʔࣗ਎Λอ࣋ͤͣʹ,ͦͷΩʔ͕ू߹ʹؚ·ΕΔ͔Ͳ͏
͔ͷਅِΛ൑ఆ͢Δ͜ͱ͕Ͱ͖Δσʔλߏ଄Ͱ͋Δ. ϒϧʔϜϑΟϧλͷ࣮૷Ͱ͸·
ͣ “0”ͰॳظԽ͞ΕͨϏοτྻΛ༻ҙ͢Δ. ΩʔΛ௥Ճ͢Δͱ࣌, ͦͷΩʔʹରͯ͠
ෳ਺ͷಠཱͨ͠ϋογϡ஋Λܭࢉ͠, ͦΕΒ͕ࣔ͢ҐஔͷϏοτΛ “1” ʹ͢Δ. Ωʔ
ͷଘࡏΛௐ΂Δ࣌,ಉ༷ʹϋογϡ஋Λܭࢉ͠,ͦͷҐஔͷϏοτ͕͢΂ͯ “1”ͳΒ͹
ଘࡏ͢Δ, 1ͭͰ΋ “0”ͳΒ͹ଘࡏ͠ͳ͍ͱ൑ఆ͢Δ. ϋογϡ஋͸িಥͷՄೳੑΛ࣋
ͭͨΊ,ϒϧʔϜϑΟϧλͷԠ౴ʹ͸,ଘࡏ͠ͳ͍Ωʔʹରͯ͠ਅΛฦِ͢ཅੑ (false
positive)ؚ͕·ΕΔ. ϋογϡ஋ͷݸ਺Λ k,Ωʔͷݸ਺Λ N ͱ͢Δͱ,ِཅੑ֬཰Λ
࠷খͷ (1/2)k ʹ͢ΔϏοτྻͷ௕͞͸໿ 1.44kN Ͱ͋Δ [19]. Ҏ߱Ͱ͸,ϒϧʔϜϑΟ
ϧλͷϋογϡ஋ͷݸ਺Λϋογϡଟॏ౓ͱݺͿ.
ϒϧʔϜϑΟϧλ͸,ίϯύΫτͰ,ݕࡧ΋ߴ଎Ͱ͋Γ,໨తͷཁૉͷ༗ແΛ࣮ࡍʹ
ௐ΂Δલʹ;Δ͍ʹ͔͚Δ໨తͰྑ͘ར༻͞ΕΔ. ͔͠͠,อ࣋͢ΔΩʔͷ਺ N ʹൺ
ྫͨ͠௕͞ͷϏοτྻΛ͋Β͔͡Ί֬อ͠ͳ͚Ε͹ਫ਼౓ͷߴ͍;Δ͍ͱͯ͠ಇ͔ͳ͍
໰୊͕͋Δ. ຊ࿦จͰ͸,ϒϧʔϜϑΟϧλΛ࢖ͬͯ,ݕࡧ࣌ʹݕࡧΩʔؚ͕·Εͳ͍
LOUDSτϥΠΛআ֎ͯ͠ݕࡧΛߦ͏. ͜ͷͱ͖,֤ LOUDSτϥΠͷΩʔͷݸ਺ʹԠ
ͨ͡αΠζͷϒϧʔϜϑΟϧλΛ࡞੒͢Δख๏ΛఏҊ͢Δ.
2.6 ϩάߏ଄Ϛʔδ໦
ຊݚڀͰ͸ϩάߏ଄Ϛʔδ໦ (Log Structured Merge TreeɼLSM-Tree) [34,58,72]Ͱ
༻͍ΒΕ͍ͯΔख๏ͱྨࣅͷख๏Λ༻͍ͯΠϯϝϞϦσʔλετΞΛ࣮ݱ͢Δ. ϩά
ߏ଄Ϛʔδ໦͸ݕࡧ͕ඞཁͳσʔλʹରͯ͠ߴ଎ʹ௥ه͕Մೳͳσʔλߏ଄Ͱ͋Δ.
ϩάߏ଄Ϛʔδ໦Ͱ͸, HDD (Hard Disk Drive)΍ SSD (Solid State Drive)ͷΑ͏ͳ
ϒϩοΫσόΠεʹ,ߴ͍εϧʔϓοτͰσʔλΛॻ͖ࠐΉͨΊʹओهԱ্ʹ໦ߏ଄
ͷόοϑΝΛઃ͚,ͦͷόοϑΝ͕࢖༻ՄೳϝϞϦ࢖͍੾Δͨͼʹೋ࣍هԱʹॻ͖ࠐ
ΈΛߦ͏. ͜ͷࡍ, ෳ਺ͷ໦ߏ଄ΛϚʔδ͢ΔΞϧΰϦζϜ͕ඞཁʹͳΔ. ͦͷͨΊ,
ϩάߏ଄Ϛʔδ໦͕ߏங͢Δσʔλߏ଄ͱͯ͠͸,Ϛʔδ͕ൺֱత༰қͰϒϩοΫσ
όΠεͰͷར༻ʹదͨ͠ B໦ [7]΍ͦͷѥछ͕Α͘࢖༻͞ΕΔ.
ϩάߏ଄Ϛʔδ໦ͷϚʔδΞϧΰϦζϜͰ͋Δ Stepped MergeΞϧΰϦζϜ [33]͸,
શ෦ͷ໦ΛҰ౓ʹϚʔδͤͣ,ੈ୅͝ͱ (΋͘͠͸αΠζ͝ͱ)ʹஈ֊తʹϚʔδ͢Δ
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͜ͱͰ,ϊʔυ਺ nͷͱ͖,ఆظతʹશମΛϚʔδ͢Δ৔߹ʹඞཁͰ͋ͬͨO(n2)ճͷ
ೖग़ྗΛ O(n log n)ճʹݮΒ͢. BigTable [12], LevelDB [14], Apache Cassandra [41],
HBase [6] ͳͲ, ۙ೥ͷσʔλετΞͰ༻͍ΒΕ͍ͯΔϩάߏ଄Ϛʔδ໦͸ Stepped
MergeΞϧΰϦζϜΛར༻͍ͯ͠Δ.
Stepped MergeΞϧΰϦζϜͰ͸,ೋ࣍هԱ্ʹ໦ߏ଄ͷϦετΛอ࣋͠,ݕࡧ࣌͸
શͯͷ໦Λݕࡧͨ݁͠ՌΛ߹ΘͤͯԠ౴͢Δ. ͦͷͨΊ, Ϧετ͕௕͘ͳΔͱݕࡧੑ
ೳ͸མͪΔ. ͜ΕΛආ͚ΔͨΊ, ओهԱ্ʹ࡞੒ͨ͠ϒϧʔϜϑΟϧλΛ༻͍ͯෆཁ
ͳݕࡧΛආ͚Δख๏͕࢖ΘΕΔ [2, 14].
ຊݚڀͰ͸ LOUDSτϥΠʹదͨ͠όοϑΝϦϯά, Ϛʔδख๏, ͓ΑͼϒϧʔϜ
ϑΟϧλߏஙख๏ΛఏҊ͢Δ. ͜ΕʹΑΓ,ϩάߏ଄Ϛʔδ໦ͱྨࣅͷख๏Ͱ LOUDS
τϥΠͷΦϯϥΠϯߏஙΛߦ͏. ఏҊख๏͸,ߏங͢Δର৅͕ LOUDSτϥΠͰ͋Γ,
ϝϞϦ্Ͱશͯͷૢ࡞͕ߦΘΕΔ͜ͱ͕ϩάߏ଄Ϛʔδ໦ͱ͸ҟͳΔ. LOUDSτϥ
ΠΛޮ཰Α͘ߏங͢ΔͨΊ,όοϑΝʹ෯༏ઌૢ࡞͕ߴ଎ͳೋ෼୳ࡧτϥΠΛ༻͍Δ
ͳͲ,ϩάߏ଄Ϛʔδ໦ʹ͸ͳ͍ಛ௃Λ࣋ͭ.
2.7 ϑϥογϡετϨʔδ্ͷΩʔόϦϡʔετΞ
ΩʔόϦϡʔετΞʹ͓͍ͯ, SSDͳͲͷϑϥογϡετϨʔδͷण໋ͷ௕ظԽ΍
ޮ཰తͳར༻ͷͨΊʹ,ओهԱ্ʹϝϞϦޮ཰ͷߴ͍ࡧҾΛߏங͢Δٕज़͕ݚڀ͞Ε
͍ͯΔ [4,16,17,44,82]. ͜ΕΒͷख๏Ͱ͸,ओهԱ্ʹϋογϡςʔϒϧΛ഑ஔ͠,ϩ
άߏ଄ʹΑͬͯϑϥογϡετϨʔδ΁ͷॻ͖ࠐΈΛߦ͏. ͜ΕʹΑͬͯϑϥογϡ
ετϨʔδ΁ͷॻ͖ࠐΈճ਺͕େ෯ʹ࡟ݮ͞ΕΔ.
͜ͷͱ͖࡞ΒΕΔϋογϡςʔϒϧΛࡧҾͱͯ͠ओهԱʹอ࣋͠,ϑϥογϡετ
Ϩʔδ্ͷϒϩοΫͷ୳ࡧʹར༻͢ΔͱݕࡧΛߴ଎ԽͰ͖Δ. ·ͨ, ϒϧʔϜϑΟϧ
λΛ༻͍ͯϒϩοΫʹର͢ΔෆཁͳݕࡧΛ๷͙ [16]ͳͲͷ޻෉΋ߦΘΕ͍ͯΔ. ͜ͷ
Α͏ͳख๏ΛධՁ͢Δ৔߹,ॻ͖ࠐΈ΍ݕࡧͷੑೳ͕ߟྀ͞ΕΔ͜ͱ͸΋ͪΖΜ͕ͩ,
ࡧҾ͕ओهԱ্ʹ࡞੒͞ΕΔͨΊ,ΞϓϦέʔγϣϯͱڞ༗͢ΔओهԱʹ͍͔ʹෛ୲
Λ͔͚ͳ͍͔΋ॏཁͳ؍఺ʹͳΔ.
SILT (Small Index Large Table) [44]͸ʮϚϧνετΞʯͱݺ͹ΕΔ 3ͭͷσʔλߏ
଄͔ΒͳΔࡧҾΛ࣋ͭ. ೖྗ͞ΕͨΩʔͱ஋ͷ૊Έ͸,࠷ॳʹ,ओهԱʹΧοίʔϋο
γϡʹΑΔࡧҾΛ࣋ͪ,ϑϥογϡετϨʔδʹ͸ߴ଎ʹ௥هͰ͖Δϩάߏ଄Λ࣋ͭ
LogStoreʹ֨ೲ͞ΕΔ. Ұఆ਺σʔλ͕ೖྗ͞ΕΔͱ, LogStoreΛϋογϡॱʹιʔ
τ͢Δ͜ͱͰओهԱ্ͷϙΠϯλΛഉআͯ͠ίϯύΫτԽͨ͠ HashStore ͕࡞ΒΕ
Δ. HashStore͸੩తσʔλߏ଄Ͱ͋Γ, ੜ੒ޙมߋ͞Εͳ͍. ͞Βʹ HashStore͕Ұ
ఆ਺ͭ͘ΒΕΔͱ, ѹॖ͞Εͨ໦ߏ଄ʹΑΔࡧҾΛ࣋ͭ SortedStoreʹϚʔδ͞ΕΔ.
SortedStoreͰ͸શͯͷΩʔ͕ΞϧϑΝϕοτॱʹιʔτ͞Ε͍ͯΔ. ͜ͷΑ͏ʹ,ϩ
14
άߏ଄Ϛʔδ໦ͱྨࣅͨ͠όοϑΝϦϯάͱίϯύΫτԽͷ܁Γฦ͠ʹΑͬͯओهԱ
্ͷࡧҾͷϝϞϦޮ཰͕ߴ͘อͨΕΔ. ओهԱ্ͷࡧҾʹΑΓ,Ωʔ͋ͨΓฏۉ໿ 1.01
ճͷϑϥογϡετϨʔδ΁ͷΞΫηεͰ஋ΛऔΓग़͢͜ͱ͕Ͱ͖Δ.
ϩάߏ଄Λ༻͍ͯΑΓίϯύΫτͳσʔλߏ଄ʹม׵͢Δ SILTͷख๏͸ఏҊख๏
OLT1, ͓Αͼ OLT2 ͱྨࣅ͍ͯ͠Δ. ͔͠͠, SILT Ͱ͸ϑϥογϡετϨʔδ্ͷ
1024όΠτͷϒϩοΫʹΩʔͱ஋Λอ࣋͠,ΩʔΛओهԱʹอ࣋͠ͳ͍. ओهԱ্ͷ
ࡧҾ͸ϋογϡ஋΍τϥΠ໦ͷ࠷খ઀಄ࣙ໦ʹ͋ͨΔ෦෼͚ͩΛ֨ೲ͢Δ. ࡧҾͷϝ
ϞϦ࢖༻ྔ͕খ͘͞཈͑ΒΕ͍ͯΔͷ͸͜ͷͨΊͰ͋Δ. σʔλαΠζͷ΄ͱΜͲ͸
͜ͷ 1024όΠτͷϒϩοΫͰ͋Γ,ຊݚڀͷΑ͏ʹ,Ωʔࣗ਎ΛओهԱʹ͍͔ʹίϯ
ύΫτʹ֨ೲ͢Δ͔ʹ͍ͭͯ͸ߟྀ͍ͯ͠ͳ͍.
·ͨ,ఏҊख๏ͱൺֱ͢Δͱεϧʔϓοτʹ 20ഒҎ্ͷ͕ࠩ͋Δ. ͜ͷεϧʔϓο
τͷࠩͷཁҼʹ͸ҎԼ͕͋͛ΒΕΔ:
• ݕࡧ͋ͨΓ 1.01ճͷϑϥογϡετϨʔδ΁ͷΞΫηε͕͋Δ͜ͱ
• SortedStoreͷΩʔ͸ϋϑϚϯූ߸ʹΑͬͯѹॖ͞Ε͍ͯΔͨΊݕࡧ࣌ʹ৳௕͕
ඞཁͰ͋Δ͜ͱ
• SortedStoreͷߏஙʹ͸ιʔτ͕ඞཁͰ͋Γ, ͦͷܭࢉ࣌ؒ͸ O(n log n)Ͱ͋Δ
͜ͱ
• HashStore ͱͷϚʔδ͸ݻఆ਺ͷΩʔ͝ͱʹߦΘΕ͓ͯΓ, ͦͷճ਺͸શମͰ
O(n2)Ͱ͋Δ͜ͱ
LSM-Trie [82]͸,ೋ࣍هԱΛલఏͱ͠,τϥΠ໦ͱϒϧʔϜϑΟϧλΛࡧҾͱͯ͠
ओهԱʹ഑ஔ͢ΔσʔλετΞͰ͋Δ. ຊݚڀͱಉ༷ʹ஋ͷ઎ΊΔׂ߹͕શମͷσʔ
λαΠζʹରͯ͠খ͍͜͞ͱΛલఏͱ͍ͯ͠Δ.
LSM-Trie͸,ओهԱ্ͷτϥΠ໦ͷ֤ϊʔυ͔Β,ೋ࣍هԱ্ͷϋογϡςʔϒϧ
Λࢦ͢ߏ଄Λ࣋ͭ. τϥΠ໦͸Ωʔͷϋογϡ஋ͷ࠷খ઀಄ࣙ໦Ͱ͋Γ, ֤ϊʔυͷ
ϋογϡςʔϒϧʹ͸,ͦͷϊʔυͷද͢઀಄ࣙͰ࢝·Δϋογϡ஋Λ࣋ͭΩʔ͕֨
ೲ͞ΕΔ. ϋογϡςʔϒϧ͕طఆͷαΠζʹୡ͢Δͱ,ࢠϊʔυʹόέοτΛҠಈ͠,
ͦͷϊʔυͷϋογϡςʔϒϧ͸ۭʹ͢Δ. ͜ͷૢ࡞͸, LevelDB΍ SILTͷίϯύΫ
τԽʹ൐͏σʔλߏ଄ͷ࠶ߏஙͱൺֱ͢Δͱ,ߋ৽͋ͨΓͷॻ͖ࠐΈճ਺͕গͳ͍.
ݕࡧ࣌͸τϥΠ໦Λϧʔτ͔Β༿ʹ޲͔ͬͯ,ॱʹϋογϡςʔϒϧΛௐ΂ͯΩʔΛ
୳ࡧ͢Δ. ·ͨ,֤ϊʔυʹϒϧʔϜϑΟϧλΛ࣋ͪ,Ωʔؚ͕·Ε͍ͯͳ͍ϋογϡ
ςʔϒϧͷΞΫηεΛ΄ͱΜͲεΩοϓͰ͖Δ. ͜ΕΒͷ࢓૊ΈʹΑΓ, Ωʔ͋ͨΓ
໿ 1.01ճͷೋ࣍هԱͷಡΈऔΓͰΩʔ͔Β஋ΛऔಘͰ͖Δ. ͨͩ͠,શͯͷϒϧʔϜ
ϑΟϧλΛओهԱʹ഑ஔ͢Δͱ,࠷Լ૚ͷϒϧʔϜϑΟϧλ͕࢖༻ϝϞϦͷେ෦෼Λ
઎ΊΔ͜ͱʹͳΔ. ͦͷͨΊ, LSM-Trie Ͱ͸, τϥΠ໦ͷ࠷Լ૚ͷϒϧʔϜϑΟϧλ
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Λೋ࣍هԱʹ഑ஔ͢Δ (Bloom Cluster). ͜ΕΒͷ࢓૊ΈʹΑΓ, ໿ 2ճڧͷೋ࣍هԱ
΁ͷΞΫηεͰ஋ΛऔಘͰ͖Δ.
LSM-Trie͕࢖༻͢Δٕज़͸ຊݚڀͷ࢖༻͢Δٕज़ͱྨࣅ͍ͯ͠Δ͕,࢖༻ϝϞϦྔ
ͷ໰୊ʹର͢Δղ๏͕ೋ࣍هԱΛલఏͱ͍ͯ͠Δ఺͕େ͖͘ҟͳΔ. LSM-Trieͷ࢖༻
ϝϞϦྔ͕গͳ͍ओͳཧ༝͸,ϒϧʔϜϑΟϧλͷ΄ͱΜͲΛೋ࣍هԱʹ࣋ͭͨΊͰ
͋Γ, ओهԱʹ഑ஔ͞ΕΔτϥΠ໦ࣗ਎ͷίϯύΫτ͞ʹ͸ݴٴ͍ͯ͠ͳ͍. ͦͷͨ
Ί, LSM-Trieͷख๏͸७ਮͳΠϯϝϞϦσʔλετΞʹ͸༗ޮͰ͸ͳ͍.
2.8 Apache Spark
Apache Spark [88] ͸, MapReduce [15] ͷΑ͏ͳ෼ࢄॲཧΛߦ͏ͨΊͷॲཧܥͰ͋
Δ. σʔλΛओهԱʹΩϟογϡ͢ΔػೳΛ࣋ͭ. σʔλ͕ओهԱʹೖΓ͖Βͳ͍৔߹
ʹ͸σʔλͷҰ෦΍શମΛೋ࣍هԱ্ʹ഑ஔ͢Δ͜ͱ΋Ͱ͖Δ. 2014೥ʹΧϦϑΥϧ
χΞେֶόʔΫϨΠߍͷ AMPLabͰ։ൃ͕࢝·ͬͨ.
Apache Spark͸ɹResilient Distributed Dataset (RDD) [87]ͱݺ͹ΕΔಡΈऔΓઐ༻
ͷந৅σʔλߏ଄Λ༻͍Δ͜ͱΛಛ௃ͱ͢Δ. RDD͸ map΍ reduceByKeyͷΑ͏ͳ
σʔλม׵ͷૢ࡞Λఏڙ͠,ૢ࡞ͷݺͼग़͠ͷ݁Ռผͷ RDDΛੜ੒͢Δ. ͜͏ͯ͠ੜ
੒͞ΕΔ RDD͸,ม׵ʹΑͬͯੜ੒͞ΕΔ΂͖σʔλͷ୅ΘΓʹ,ద༻͞Εͨม׵ͷ
ཤྺΛอ࣋Ͱ͖Δ. ͜ΕʹΑΓ, σʔλͷม׵ॲཧΛ݁ՌΛऔΓग़͢·Ͱ஗Ԇ͢Δ͜
ͱ͕Ͱ͖Δ. ো֐ʹΑࣦͬͯΘΕͨύʔςΟγϣϯΛݩͷσʔλ͔Β࠶ܭࢉͰ͖Δͨ
Ί,ߴ͍଱ো֐ੑΛ࣮ݱͰ͖Δ.
Apache Spark ͸ຊ࿦จͰ͍͏ΠϯϝϞϦσʔλετΞͱ͸ҟͳΔ͕, RDD ͷഎޙ
ʹΠϯϝϞϦσʔλετΞΛ࣋ͪ,ੜ੒͞ΕͨσʔλΛओهԱʹอ࣋͢ΔΦϓγϣϯ
Λఏڙ͍ͯ͠Δ. RDD ͷ persist ϝιουʹ MEMORY ONLY Λࢦఆͯ͠ݺͼग़͢
͜ͱͰ, σʔλΛओهԱ্ʹอ࣋͢Δ. ·ͨ, ಉ༷ʹ MEMORY ONLY SER Φϓγϣϯ
Λࢦఆͯ͠ݺͼग़͢͜ͱͰ,όΠτ഑ྻʹγϦΞϥΠζ͞ΕͨίϯύΫτͳܗࣜͰओ
هԱʹอ࣋Ͱ͖Δ. ͔͠͠ͳ͕Β, ͦΕͰ΋ຊݚڀͰ࣮ݱ͢Δσʔλߏ଄ΑΓ΋ϝϞ
Ϧޮ཰͸௿͍. ৄ͘͠͸෇࿥ Bʹࣔ͢.
2.9 Succinct
Apache Spark΍ Tachyon [43]ʹ૊Έࠐ·ΕΔΠϯϝϞϦσʔλετΞͱͯ͠, Suffix
Array [27, 64–67]ͷ೿ੜΛ༻͍Δ Succinct [1]͕ఏҊ͞Ε͍ͯΔ. Suffix Array͸จࣈ
ྻͷ઀ඌࣙͷू߹Λޮ཰Α֨͘ೲ͢Δσʔλߏ଄Ͱ͋Γ,ύλʔϯϚονϯά౳ͷૢ
࡞Λఏڙ͢Δ. Suffix ArrayʹΑΓ,ίϯύΫτͳσʔλߏ଄Ͱ͋Γͳ͕Β,σʔλΛల
։͢Δ͜ͱͳ͘ޮ཰ͷྑ͍ΫΤϦΛ࣮ݱͰ͖Δ. SuccinctͰ͸,ޮ཰Α͘ Suffix Array
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Λ࡞੒͢ΔͨΊ, 3ஈ֊ (LogStore, SuffixStore, SuccinctStore)ͷϚϧνετΞߏ੒Λऔ
Δ. ͜ͷΑ͏ͳϩάߏ଄ͷ೿ੜ͸, 2.6અʹ͋͛Δଟ͘ͷσʔλετΞ΍ 2.7અͰड़΂
ͨ SILT΍ LSM-Trieʹڞ௨͢Δ.
Succinct͸,ύλʔϯϚονϯά౳ͷෳࡶͳૢ࡞Λఏڙ͢Δσʔλߏ଄Ͱ͋Δͷʹ
ରͯ͠,ຊݚڀͰ͸,୯७ͳΩʔόϦϡʔετΞΛఏڙ͢Δ. ͞Βʹ,ຊݚڀͰ͸,ར༻
ՄೳͳϝϞϦ͕ଟ͍࣌ʹ͸ߴ଎,গͳ͍࣌ʹ͸଎౓Λ٘ਜ਼ʹͯࣗ͠ಈతʹίϯύΫτ
ʹͳΔΑ͏ͳΠϯϝϞϦσʔλετΞͷ࣮૷ํ๏Λࣔ͢.
2.10 ϩάߏ଄ʹΑΔϝϞϦׂΓ౰ͯͷޮ཰Խ
ΠϯϝϞϦσʔλετΞͷϝϞϦׂΓ౰ͯΛޮ཰Խ͢ΔͨΊʹϩάߏ଄Λ༻͍ͨݚ
ڀ͕͋Δ [62]. ैདྷͷ mallocʹΑΔϝϞϦׂΓ౰ͯ͸,σʔλΛ࡟আͨ͠ࡍʹϝϞϦ
அยԽΛҾ͖ى͜͢໰୊͕͋ͬͨ. σʔλΛ࠶഑ஔͯ͜͠ͷ໰୊ʹରॲͰ͖Δ͕,ΑΓ
୹͍ఀࢭ࣌ؒͰ࠶഑ஔΛߦ͏ʹ͸ΑΓେ͖ͳۭ͖ϝϞϦ͕ඞཁͰ͋Δͱ͍͏τϨʔυ
Φϑʹͳ͍ͬͯͨ. ͜ͷݚڀͰ͸,ϋογϡςʔϒϧͷ࣮૷ʹඞཁͳϝϞϦׂΓ౰ͯΛ
ҰఆαΠζͷηάϝϯτ͝ͱʹ·ͱΊͯߦ͑ΔΑ͏ʹϩάߏ଄Λ༻͍Δ. ͜ΕʹΑΓ,
ηάϝϯτΛ୯Ґͱͯ͠ہॴతʹ࠶഑ஔΛ࣮ߦ͠,ͦΕͧΕͷఀࢭ࣌ؒΛ୹͘Ͱ͖Δ.
ຊݚڀͰ͸,ϋογϡςʔϒϧ͓ΑͼΦϯϥΠϯ LOUDSτϥΠʹඞཁʹԠͯ͡ϝϞ
ϦΛׂΓ౰ͯΔඞཁ͕͋ΔͨΊ,͜ͷΑ͏ͳ୯७ͳख๏͚ͩͰ͸ϝϞϦׂΓ౰ͯͷ໰
୊Λղ͘͜ͱ͕Ͱ͖ͳ͍.
2.11 σʔλѹॖʹΑΔϝϞϦޮ཰ͷվળ
σʔλѹॖٕज़͸,࢖༻ϝϞϦྔͷ࡟ݮ΍,σΟεΫΞΫηε௿ݮʹΑΔੑೳͷվળ
ʹ΋ར༻Ͱ͖Δ. ಛʹ,ϖʔδϑΥʔϧτΛ௿ݮ͢ΔͨΊʹ,ΦϖϨʔςΟϯάγες
ϜͷόʔνϟϧϝϞϦͷػೳͱ૊Έ߹Θͤ,ϖʔδ୯ҐͰσʔλΛѹॖ͢Δख๏͕ݚ
ڀ͞Ε͍ͯΔ. ͦͷΑ͏ͳख๏ͷҰͭͱͯ͠, ϝϞϦதʹ֨ೲ͞Ε͍ͯΔΞυϨεΛ
ޮ཰Α͘ѹॖ͢Δख๏͕ఏҊ͞Ε͍ͯΔ [80]. ·ͨ, ܁Γฦ͠ݱΕΔύλʔϯʹجͮ
͘΋ͷ΍,θϩ෦෼ͷ࡟আͳͲ΋ఏҊ͞Ε͍ͯΔ [50]. ͜ΕΒͷख๏͸,ѹॖΞϧΰϦ
ζϜΛϖʔδʹҰൠతʹݟΒΕΔಛੑʹಛԽ͍ͯ͠ΔͨΊ,ຊݚڀͷจࣈྻΛ֨ೲ͢
Δ໨తʹ͸ద͞ͳ͍.
NakarΒͷख๏ [54]Ͱ͸,ϓϩάϥϜͷϝϞϦΞΫηεͷہॴੑ͕࣮ߦͷϑΣʔζ
ʹΑͬͯมΘΔ͜ͱʹண໨͠,ϑΣʔζʹΑͬͯͲͷϖʔδΛѹॖ͢Δ͔Λબ୒ͯ͠
͍Δ. ຊݚڀͰ͸จࣈྻͷ֨ೲΛҰ؏ͯ͠ߦ͏ΞϓϦέʔγϣϯΛର৅ͱ͍ͯ͠Δͨ
Ί,͜ͷΑ͏ͳख๏΋ద༻Ͱ͖ͳ͍.
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YangΒ [83]͸,૊ࠐΈγεςϜ޲͚ʹओهԱʹѹॖ͞ΕͨεϫοϓྖҬΛׂΓ౰ͯ
Δ͜ͱΛఏҊ͍ͯ͠Δ. ͜ͷख๏Ͱ͸ѹॖΞϧΰϦζϜͱͯ͠ bzip2, zlib, LZRW1-A,
LZO (Lempel-Ziv-Oberhumer [55]),͓Αͼ RLEΛൺֱ͠,ѹॖ཰͸௿͍͕ߴ଎ͳ LZO
Λબ୒͍ͯ͠Δ. LZO͸ΦϯϥΠϯͰ࢖༻͢ΔͨΊʹ,ѹॖ཰͸ͦΕ΄Ͳߴ͘ͳ͍͕,
ల։଎౓͕଎͍͜ͱΛಛ௃ͱ͢Δ. LZOͱࣅͨΞϧΰϦζϜʹ Snappy [74]͕͋Δ.
ຊݚڀͷΞϓϦέʔγϣϯͰ͋ΔจࣈྻͷॏෳഉআͰ͸,ಡΈग़͕͠ଟ͘,ΦϯϥΠ
ϯͰσʔλͷల։Λ܁Γฦͨ͢Ί, ѹॖ͢Δσʔλͷཻ౓͕ࡉ͔͍. ͔͠͠, LZO ΍
SnappyͷΑ͏ͳѹॖΞϧΰϦζϜ͸ࡉཻ౓Ͱ͸༗ޮͰͳ͍. ͕ͨͬͯ͠,ຊݚڀͰ͸
σʔλѹॖٕज़ͷ࢖༻͸ආ͚,ίϯύΫτͳߏ଄ͷ··ݕࡧ͕Մೳͳ؆ܿσʔλߏ଄
Λ༻͍Δ.
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ୈ3ষ ૝ఆ͢ΔΞϓϦέʔγϣϯͱ࣮
ݱ͢ΔΠϯϝϞϦσʔλετΞ
ͷཁ݅
ຊষͰ͸,૝ఆ͢ΔΞϓϦέʔγϣϯͱ࣮ݱ͢ΔΠϯϝϞϦσʔλετΞͷཁ݅ʹ
͍ͭͯड़΂Δ. ·ͣ,ຊݚڀͷओཁͳΞϓϦέʔγϣϯͷ 1ͭͰ͋ΔςΩετղੳγε
ςϜʹ͍ͭͯड़΂Δ. ࣍ʹ, Apache LuceneΛ༻͍ͯςΩετղੳγεςϜΛ࣮૷͢Δ
৔߹ʹൃੜ͢Δ໰୊ʹ͍ͭͯड़΂Δ. ࠷ޙʹ, ͦͷ໰୊Λղܾ͢ΔΠϯϝϞϦσʔλ
ετΞʹٻΊΒΕΔཁ݅Λࣔ͢.
3.1 ςΩετղੳγεςϜ
ຊݚڀͰ૝ఆ͢ΔओཁͳΞϓϦέʔγϣϯͷ 1ͭ͸ςΩετղੳγεςϜͰ͋Δ.
ςΩετղੳͱ͸,ࣗવݴޠͰॻ͔ΕͨςΩετσʔλΛղੳ͠,༗ӹͳσʔλΛநग़
͢Δ͜ͱͰ͋Δ. ςΩετղੳͷର৅ͱͳΔσʔλ͸, Web΍ιʔγϟϧωοτϫʔ
Ϋ,͋Δ͍͸اۀͷφϨοδϕʔεʹ஝ੵ͞Ε͍ͯΔେྔͷςΩετσʔλͰ͋Δ. ͦ
ͷଟ͘͸ࣗવݴޠͰॻ͔Ε͓ͯΓ,σʔλྔ͸਺GB͔Β਺ TBʹͷ΅Δ.
ςΩετղੳγεςϜͷॲཧ͸େ͖͘ҎԼͷ 3ͭͷϑΣʔζʹ෼͚ΒΕΔ:
1. ൃੜݯ͔ΒσʔλΛऔಘ͢Δॲཧ
2. σʔλ͔ΒࣗવݴޠղੳͳͲʹΑͬͯΩʔϫʔυΛநग़͢Δॲཧ
3. நग़͞ΕͨΩʔϫʔυ͔ΒࡧҾΛ࡞੒͢Δॲཧ
্هϑΣʔζͷ 2൪໨Ͱநग़ͨ͠ΩʔϫʔυΛ֨ೲ͢ΔͨΊʹ,จࣈྻΛΩʔͱ͢Δ
ΠϯϝϞϦσʔλετΞ͕࢖༻͞ΕΔ. ΠϯϝϞϦσʔλετΞʹ͸େྔͷΩʔϫʔ
υ͕ೖྗ͞ΕΔͨΊ,ͦͷੑೳ΍ϝϞϦޮ཰͕શମͷੑೳʹେ͖ؔ͘ΘΔ.
ςΩετղੳ͸,ϑΝηοτݕࡧػೳΛ࣋ͭશจݕࡧΤϯδϯʹΑΓ࣮ݱ͞ΕΔ͜
ͱ͕ଟ͍. ϑΝηοτݕࡧͱ͸Ϣʔβʹରͯ͋͠Β͔͡Ί༗༻ͳߜΓࠐΈͷͨΊͷ৚
݅Λఏࣔ͢ΔݕࡧͰ͋Δ. ͨͱ͑͹, Amazon.comͷΑ͏ͳిࢠ঎ۀαΠτͰ͸,γε
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ਤ 3.1: ςΩετσʔλ͔Βநग़͞ΕͨϑϨʔζͷྫ (NHTSA)
ςϜʹΑͬͯ,͋Β͔͡Ί঎඼ΧςΰϦ΍ϒϥϯυ౳ͷߜΓࠐΈʹ༗༻ͳϑϨʔζ͕
ఏࣔ͞ΕΔ. Ϣʔβ͸ఏࣔ͞ΕͨϑϨʔζΛબ୒͢Δ͜ͱͰ঎඼ͷߜΓࠐΈΛߦ͏ͨ
Ί,ݕࡧͷͨΊͷΩʔϫʔυΛ஌͓ͬͯ͘ඞཁ͕ͳ͍. ͜ͷ༗༻ͳϑϨʔζΛϑΝηο
τͱݺͿ. ϑΝηοτݕࡧػೳΛ࣋ͭશจݕࡧΤϯδϯͱͯ͠͸, Apache Lucene͕
͋Δ.
ςΩετղੳγεςϜΛϑΝηοτݕࡧػೳΛ࣋ͭશจݕࡧΤϯδϯͰ࣮ݱ͢Δ৔
߹,ղܾ͢΂͖՝୊͕͋Δ. ͦΕ͸,ϑϨʔζͷ਺͕๲େʹͳΔ͜ͱͰ͋Δ. ௨ৗͷి
ࢠ঎ۀαΠτͰ͸ϑϨʔζͷ਺͸਺ສ݅Ͱ͋Δ. ςΩετղੳγεςϜͰ͸, ϑϨʔ
ζΛਓ͕ؒ༩͑ΔͷͰ͸ͳ͘ϧʔϧʹج͖ͮࣗಈతʹநग़͢Δ. ϧʔϧʹΑΓ,਺ 100
ສ͔Β 1ԯ݅ͷϑϨʔζ͕ࣗಈతʹ௥Ճ͞ΕΔ͜ͱ͕͋Δ. ྫ͑͹, ҩֶจݙσʔλ
ϕʔεͰ͋ΔMEDLINE [56]Λղੳ͢ΔMedTAKMI [77]Ͱ͸ҎԼͷΑ͏ͳϧʔϧ͕
࢖༻͞Εͨ:
• Ҩ఻ࢠ,ϓϩςΠϯ,Խֶ໊ͳͲͷݻ༗໊ࢺ
• ʮA inhibits Bʯ΍ʮA activates BʯͳͲ,্هݻ༗໊ࢺΛؔ࿈͚ͮΔϑϨʔζ
MedTAKMIͰ͸໿ 1100ສ݅ͷੜ෺ҩֶܥ࿦จͷΞϒετϥΫτ͔Βநग़͞Εͨ໿
27ສݸͷϑϨʔζ͕࢖ΘΕͨ. ͦͷଞʹ,ಉ༷ͷγεςϜͰ͸, NHTSA [57]Λର৅ͱ
ͨ͠ςΩετղੳͰ͸໿ 70ສ݅ͷࣄނ৘ใσʔλϕʔε͔Βநग़͞Εͨ໿ 640ສݸ
ͷϑϨʔζ͕࢖ΘΕͨ. ਤ 3.1ʹ NHTSA͔Βநग़͞ΕͨϑϨʔζͷྫΛࣔ͢. ֤ߦ
͕ 1ͭͷϑϨʔζΛҙຯ͢Δ.
20
3.2 Apache LuceneʹΑΔςΩετղੳγεςϜͷ໰୊
Apache LuceneͰ͸ϑΝηοτͷࡧҾΛޮ཰Α͘࡞ΔͨΊʹ, ϑΝηοτ͝ͱʹϢ
χʔΫͰ࿈ଓͨ͠ ID (ϑΝηοτ ID)Λ෇༩͍ͯ͠Δ. ϑΝηοτͷࡧҾ͸จॻ͝ͱ
ʹιʔτ͞ΕͨϑΝηοτ IDͷϦετʹͳΔ.
ϑΝηοτ IDΛ༻͍Δख๏͸,ࡧҾαΠζ΍ݕࡧ଎౓ͷ໘Ͱ༏Ε͍ͯΔ͕,ࡧҾ࡞
੒࣌ʹϑΝηοτͱ ID ͷରԠදΛ࡞੒͠, ݕࡧ࣌ʹ͸ͦΕΛҾ͍ͯϑΝηοτΛ෮
ݩ͠ͳ͚Ε͹ͳΒͳ͍. Apache Lucene͸, IDͱϑΝηοτͷରԠΛ֨ೲ͢ΔͨΊʹ
TaxonomyIndexͱݺ͹ΕΔࡧҾΛ࡞੒͢Δ. ࡧҾ࡞੒࣌ʹ͸,ϑΝηοτ͔Β IDΛಛఆ
͢Δॲཧ͕සൟʹ܁Γฦ͞ΕΔͨΊ,σΟεΫ্ʹ࡞ΒΕͨ TaxonomyIndexΛҾ͘ͱ
ޮ཰͕ѱ͍. Apache LuceneͰ͸σΟεΫΞΫηεΛݮΒͨ͢Ί TaxonomyWriterCache
ͱݺ͹ΕΔΩϟογϡػߏ͕༻͍ΒΕΔ. TaxonomyWriterCacheͱͯ͠͸,શ݅ΛϝϞ
Ϧʹ֨ೲ͢ΔΠϯϝϞϦσʔλετΞ (Cl2oTaxynomyWriterCache)ͱ, Least Recently
Used (LRU)ΞϧΰϦζϜʹΑΓग़ݱස౓ͷߴ͍ϑΝηοτ͚ͩΛϝϞϦʹ֨ೲ͢Δ
΋ͷ (LruTaxonomyWriterCache)ͷ 2छྨ͕༻ҙ͞Ε͍ͯΔ.
TaxonomyWriterCacheͷΠϯλϑΣʔεΛ, ਤ 3.2ʹࣔ͢. ͜ͷΠϯλϑΣʔε͸,
୯७ͳΩʔόϦϡʔετΞͱͯ͠ͷϝιουΛ࣋ͭ. put(key, value) ͸, จࣈྻ (ϑΝ
ηοτ)ͷΩʔ (key)ͱͦͷ ID (ਖ਼ͷ੔਺)Λ஋ (value)ͱͯ͠Ҿ਺ʹऔΓ,ΩʔόϦϡʔ
ετΞʹొ࿥͢ΔϝιουͰ͋Δ. ొ࿥ʹ੒ޭ͢Δͱ true Λฦ͢. get(key) ͸, จࣈ
ྻ (ϑΝηοτ)ΛΩʔ (key) ͱͦ͠ͷ ID Λ஋ͱͯ͠ฦ͢ϝιουͰ͋Δ. clear() ͱ
close()͸,ΩʔόϦϡʔετΞͷ಺༰Λશͯഁغ͢ΔϝιουͰ͋Δ. close()ͷ৔߹,
Ҏޙͷ put()΍ get()ͷૢ࡞Λड͚෇͚ͳ͘ͳΔ. isFull()͸,ΩʔόϦϡʔετΞ͕ϑ
ϧ͔Ͳ͏͔Λฦ͢ϝιουͰ͋Δ. ΋͠,ϑϧͰ͋Ε͹,ΩϟογϡʹೖΓ͖Βͳ͍Ωʔ
͕͋ΔͱΈͳ͠,Ωʔ͕ TaxonomyWriterCacheͰݟ͔ͭΒͳ͔ͬͨ৔߹ʹ,σΟεΫ
্ͷ TaxonomyIndex΋ݕࡧ͢Δ.
Apache Lucene͸, TaxonomyWriterCacheΛ࢖͍,࣍ͷΑ͏ͳखॱͰࡧҾΛߏங͢Δ.
1. ֤จॻΛղੳ͠,ϑΝηοτͱͳΔจࣈྻΛநग़͢Δ.
2. ֤จࣈྻΛ, TaxonomyWriterCache͔Β get͢Δ. ͦͷͱ͖ null͕ฦ͞ΕΔ, ͢
ͳΘͪͦͷจࣈྻ͕ॳΊͯग़ͯ͘Δ΋ͷͰ͋Ε͹, ID ΛׂΓ౰ͯ, Taxonomy-
WriterCacheʹ put͢Δ.
3. ֤จॻʹจࣈྻͷ IDΛؔ࿈͚ͮΔ.
4. ֤จॻʹؔ࿈෇͚ΒΕͨจࣈྻΛιʔτ͠, ѹॖͯ͠σΟεΫ্ʹࡧҾͱͯ͠
ॻ͘.
5. σΟεΫ্ͷ TaxonomyIndexʹจࣈྻͱͦͷ IDΛॻ͘.
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package org.apache.lucene.facet.taxonomy.writercache;
import org.apache.lucene.facet.taxonomy.FacetLabel;
import org.apache.lucene.facet.taxonomy.directory.DirectoryTaxonomyWriter;
public interface TaxonomyWriterCache {
public void close();
public int get(FacetLabel categoryPath);
public boolean put(FacetLabel categoryPath, int ordinal);
public boolean isFull();
public void clear();
}
ਤ 3.2: Apache Luceneͷ Taxonomy Writer CacheΠϯλϑΣʔε
Apache LuceneͰςΩετղੳγεςϜΛ࣮૷͢Δ৔߹, ςΩετղੳγεςϜ͕
ѻ͏ϑΝηοτͷ਺ʹ஫ҙ͢Δඞཁ͕͋Δ. ௨ৗͷϑΝηοτݕࡧͰ͸, Amazon.com
ͷΑ͏ͳిࢠ঎ۀαΠτʹݟΒΕΔφϏήʔγϣϯػೳͷΑ͏ʹ,ଟͯ͘΋਺ສͷϑ
ϨʔζΛϑΝηοτͱͯ͠࢖༻Ͱ͖Ε͹े෼Ͱ͋Δ͕,ςΩετղੳγεςϜͷநग़
͢ΔϑϨʔζ͸୯ޠͷ૊Έ߹Θ͔ͤΒͳΓ,ϧʔϧʹ࢖༻͢ΔύλʔϯʹΑΓ,਺ 100
ສ͔Β 1ԯ݅ͷҟͳΔϑϨʔζΛϑΝηοτͱͯ͠ग़ྗ͢Δ.
Apache LuceneͷCl2oTaxonomyWriterCache͸ϋογϡςʔϒϧΛ༻͍࣮ͨ૷Ͱ͋
ΔͨΊ,ςΩετղੳγεςϜͰར༻͢Δʹ͸େ͖ͳϝϞϦ͕ඞཁʹͳΔ. ·ͨ, LRU
Λ༻͍ͨ৔߹ʹ͸,Ωʔͷ਺͕ଟ͘ͳΓ,ϝϞϦʹ֨ೲͰ͖ͳ͍਺ʹͳͬͨ࣌఺Ͱ,σΟ
εΫΞΫηε͕ൃੜ࢝͠ΊΔ. զʑͷ࣮ݧͰ͸, LRUΛ࢖ͬͨ৔߹,ಉ͡จॻྔʹର͢
ΔࡧҾߏங࣌ؒ͸ΠϯϝϞϦσʔλετΞΛ࢖ͬͨ৔߹ͷ 2ഒҎ্ʹͳΔ͜ͱ͕͋ͬ
ͨ. ͜ͷͱ͖ͷจॻ਺͸ 100ສ݅,Ωʔ਺ (ϑΝηοτ਺)͸ 2100ສ݅Ͱ͋ͬͨ.
3.3 ຊݚڀͰ࣮ݱ͢ΔΠϯϝϞϦσʔλετΞͷཁ݅
จࣈྻσʔλΛղੳ͢Δࡍ, σʔλʹؚ·ΕΔจࣈྻΛநग़͠, ͦͷॏෳΛഉআ͠
ͯ࠾൪͢Δॲཧ͕ଟ༻͞ΕΔ. จࣈྻͷॏෳΛഉআͯ͠൪߸ΛׂΓ౰ͯΔࡍ, ͢΂ͯ
ͷจࣈྻΛ 1ͭͣͭอ࣋͢Δࣙॻ͕࡞੒͞ΕΔ. จࣈྻʹҰҙͷ൪߸ΛׂΓ౰ͯΔʹ
͸, ग़ݱ͢Δ͢΂ͯͷจࣈྻʹରͯ͠, ͢ͰʹׂΓ౰͕ͯߦΘΕ͔ͨͲ͏͔Λௐ΂Δ
get(key)ͷૢ࡞Λߦ͏ඞཁ͕͋Δ. จࣈྻ͕͢Ͱʹొ࿥͞Ε͍ͯΕ͹,ݕࡧ݁Ռ͸ׂΓ
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౰ͯΒΕͨ൪߸ͱͳΔ. ·ͩొ࿥͞Ε͍ͯͳ͍৽ͨͳ୯ޠͷ৔߹, ݕࡧ݁Ռ͸ۭͱͳ
Γ,৽͍͠൪߸ΛׂΓ౰ͯΔૢ࡞ put(key, value)͕ߦΘΕΔ.
ຊݚڀͰ͸,ΩʔόϦϡʔετΞʹอଘ͢Δ஋ͱͯ͠୹͍ݻఆ௕ͷ੔਺͚ͩΛ૝ఆ
͢Δ. ਺ेԯ݅ͷจࣈྻΛॲཧ͢Δ৔߹Ͱ΋, ॏෳഉআ΍Χ΢ϯςΟϯάͷॲཧͰ͸
ݻఆ௕ͷ੔਺Ͱे෼ରԠͰ͖Δ. ·ͨ,Մม௕ͷ௕͍σʔλ͕ඞཁͰ͋ͬͨͱͯ͠΋,
ΦʔόʔϑϩʔྖҬ΁ͷΠϯσοΫεΛอ࣋͢Δ͜ͱͰରԠͰ͖Δ.
Ωʔͱͯ֨͠ೲ͞ΕΔจࣈྻͷ௕͞͸ͦΕͧΕҟͳΓ,ฏۉͰ͸਺ेόΠτʹٴͿ.
஋͸ׂΓ౰ͯͨ൪߸Λอ࣋͢Δ 4όΠτͷݻఆ௕੔਺Ͱ͋Δ. ͕ͨͬͯ͠,φΠʔϒͳ
ํ๏Ͱ֨ೲ͢Δͱ,ΩʔΛ֨ೲ͢ΔͨΊͷϝϞϦྖҬ͕஋Λ֨ೲ͢ΔϝϞϦྖҬΑΓ
΋͸Δ͔ʹେ͖͘ͳΔ. ຊݚڀͰ͸஋͸ৗʹ 4όΠτͷݻఆ௕੔਺ͱ͠, ओʹΩʔͰ
͋Δจࣈྻͷ֨ೲํ๏ʹ͍ͭͯٞ࿦͢Δ.
σʔλετΞʹೖྗ͞ΕΔจࣈྻ͸,σʔλ෼ੳதʹॏෳͯ͠܁Γฦ͠ݱΕ,ͦͷग़
ݱස౓͸จࣈྻʹΑͬͯҟͳΔ. ຊݚڀͰѻ͏ΞϓϦέʔγϣϯͰ͸, จࣈྻͷग़ݱ
ස౓͕গ਺ͷߴස౓ͷ΋ͷͱ, ଟ਺ͷ௿ස౓ͷ΋ͷʹ෼͔ΕΔ͜ͱΛԾఆ͢Δ. ͦͷ
Α͏ͳग़ݱස౓෼෍ͱͳΔྫʹδοϓͷ๏ଇ [89]͕͋Δ. δοϓͷ๏ଇ͸,ग़ݱස౓
ॱҐ kͷཁૉ͕શମʹ઎ΊΔׂ߹͕ 1/kʹൺྫ͢Δͱ͍͏ܦݧଇͰ͋Δ. δοϓͷ๏
ଇʹै͏෼෍Λδοϓ෼෍ͱݺͿ. δοϓͷ๏ଇ͸΋ͱ΋ͱจॻதʹݱΕΔ୯ޠͷग़
ݱස౓ʹؔͯ͠ൃݟ͞Εͨ๏ଇͰ͋Γ,δοϓ෼෍͸จࣈྻσʔλղੳͰ͸Α͘ݟΒ
ΕΔ෼෍Ͱ͋Δ. ଞʹ΋༷ʑͳࣄ৅͕δοϓͷ๏ଇʹै͏͜ͱ͕ൃݟ͞Ε͍ͯΔ. ྫ
͑͹,౎ࢢͷਓޱͷϥϯΫͱ౎ࢢͷਓޱͷؔ܎ [26]΍,Ҩ఻ࢠͷൃݱ਺ͷϥϯΫͱͦ
ͷҨ఻ࢠͷൃݱ਺ͷؔ܎ [25] ,ιʔγϟϧωοτϫʔΫͳͲͷεέʔϧϑϦʔωοτ
ϫʔΫ [78]ͷϊʔυͷϦϯΫ਺ͷϥϯΫͱϦϯΫ਺ͷؔ܎, WebαΠτͷΞΫηε਺
ͷϥϯΫͱΞΫηε਺ͷؔ܎ [11]ͳͲͷස౓෼෍͕δοϓͷ๏ଇʹै͏͜ͱ͕஌Β
Ε͍ͯΔ.
ຊݚڀͰ͸ɺ࣍ͷཁ݅Λຬͨ͢ΠϯϝϞϦσʔλετΞΛ࣮ݱ͢Δ.
• จࣈྻͷΩʔ k ͱ੔਺ͷ஋ v ΛऔΔϚοϓܕͷΠϯλϑΣʔεΛ࣋ͭ. ͦͷૢ
࡞ʹ͸,Ωʔʹ஋ΛରԠ෇͚Δ put(k, v)ͱ,ΩʔΛࢦఆͯ͠஋ΛऔΓग़͢ get(k)
͕͋Δ. ϋογϡςʔϒϧͱஔ͖׵͑ՄೳͰ͋Δ. ΞϓϦέʔγϣϯʹ૊ΈࠐΜ
Ͱར༻͞ΕΔ.
• Ωʔ͕௕͘,஋͸୹͍ݻఆ௕ͷ੔਺ (Apache LuceneͰ͸ 4όΠτ)Ͱ͋Δ. ඞཁ
ͳϝϞϦͷେ෦෼͸ΩʔͰ͋Δจࣈྻ͕઎ΊΔ.
• getͷҾ਺ kͷ෼෍͸,ߴස౓গ਺ͷΩʔͱ௿ස౓ଟ਺ͷΩʔʹ෼͔Ε,ͲͷΩʔ
͕ͲͪΒʹ෼ྨ͞ΕΔ͔͸ࣄલʹෆ໌Ͱ͋Δ.
• put͞ΕͨΩʔͱ஋ͷ૊͸,௚ͪʹ getʹ൓ө͞Εͳ͚Ε͹ͳΒͳ͍.
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• get͞ΕͨΩʔ͕Ϛοϓʹଘࡏ͠ͳ͚Ε͹,ͦͷΩʔ͸௚ޙʹ put͞ΕΔ.
• Ωʔͷ਺,͓Αͼ,ฏۉͷΩʔͷ௕͞Λ࣮ߦʹઌཱͪ஌Δ͜ͱ͕Ͱ͖Δ.
• ੍ݶ͞ΕͨϝϞϦͰಈ࡞͠, ࣮ߦதʹ, ݱࡏར༻͍ͯ͠ΔϝϞϦ, ͓Αͼ࢒Γͷ
ϝϞϦΛ஌Δ͜ͱ͕Ͱ͖Δ.
ຊݚڀͰ͸,͜ͷΑ͏ͳཁ݅Λຬͨ͠ͳ͕Β,࣍ͷΑ͏ͳੑೳΛ࣋ͭΠϯϝϞϦσʔ
λετΞΛ࣮ݱ͢Δ.
• ߴ͍ϝϞϦޮ཰. ϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠͰ͸ϝϞϦʹೖΓ͖
Βͳ͍Α͏ͳଟ਺ͷΩʔΛอ࣋Ͱ͖Δ.
• ߴ͍εϧʔϓοτ. μϒϧΞϨΠτϥΠͷΑ͏ͳطଘͷϝϞϦޮ཰͕ߴ͍σʔ
λߏ଄ΑΓ΋ߴ͍εϧʔϓοτΛ࣮ݱ͢Δ.
Apache Lucene͕ఏڙ͢Δ Cl2oTaxonomyWriterCacheͰ͸, WikipediaશจॻͳͲ,
1000ສ݅Λ௒͑ΔจॻྔΛॲཧ͢ΔͨΊʹඞཁͳ TaxonomyWriterCacheͷϝϞϦ͸
10GBΛ௒͑ͯ͠·͏. ͦͷͨΊ,౥ࡌϝϞϦྔͷগͳ͍ (16GBఔ౓)҆ՁͳγεςϜ
Ͱ͸,ͦͷΑ͏ͳจॻΛॲཧ͢Δ͜ͱ͕Ͱ͖ͳ͍. ຊݚڀͰ͸,ͦͷΑ͏ͳେྔͷจॻ
ͷॲཧΛ҆ՁͳγεςϜͰ΋Մೳʹ͢Δ. ·ͨ,ςΩετղੳͰ࢖༻͢Δϋʔυ΢ΣΞ
͸؆୯ʹมߋͰ͖ͳ͍͜ͱ͕ଟ͍. ϧʔϧͷมߋ΍จॻ਺ͷ૿ՃʹΑͬͯ֨ೲ͢΂͖
Ωʔ਺͸૿Ճ͢Δ. ಉ͡࢖༻ՄೳϝϞϦྔͰΑΓଟ͘ͷΩʔΛ֨ೲͰ͖ΔΠϯϝϞϦ
σʔλετΞ͕๬·ΕΔ.
ςΩετղੳγεςϜͰ͸͠͹͠͹ϧʔϧΛߋ৽ͯ͠จॻશମͷॲཧΛ͠௚͕͢,
͜ͷॲཧ࣌ؒ͸୹͍΄Ͳྑ͍. ͨͱ͑͹,શମͷॲཧʹ਺೔͔͔Ε͹,ϧʔϧΛߋ৽͢
Δͷ͸͍͍ͤͥिʹ 1౓ͱͳΔ. શମͷॲཧ͕࣌ؒ਺࣌ؒͰ͋Ε͹, ຖ೔ϧʔϧΛߋ
৽͢Δ͜ͱ΋ՄೳʹͳΔ. શମͷॲཧ࣌ؒ͸, ར༻͢ΔΠϯϝϞϦσʔλετΞͷੑ
ೳʹґଘ͍ͯ͠Δ. ͕ͨͬͯ͠, ΠϯϝϞϦσʔλετΞ͸ߴ͍εϧʔϓοτͷ΋ͷ
͕๬·ΕΔ.
ຊݚڀͰ࣮ݱ͢ΔΠϯϝϞϦσʔλετΞ͸, ਤ 3.2 ʹࣔͨ͠ Apache Luceneͷ
TaxonomyWriterCacheͱஔ͖׵͑ՄೳͰ͋Δ. ͦͷଞʹ,࣍ͷΑ͏ͳΞϓϦέʔγϣϯ
Ͱར༻ՄೳͰ͋Δ.
• ॏෳഉআͱࡧҾੜ੒. Apache LuceneͱྨࣅͷશจݕࡧΤϯδϯͰ͸ඞਢͷॲཧ
Ͱ͋Δ.
• Χ΢ϯςΟϯά. MedTAKMIͷΑ͏ͳςΩετղੳ΍, খചͷϚʔέςΟϯά
Ͱ࢖༻͞ΕΔόεέοτ෼ੳͳͲ,ڞىͯ͠ݱΕΔࣄ৅Λൃݟ͢ΔͨΊͷॲཧͰ
Α͘࢖༻͞ΕΔ.
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ୈ4ষ ΦϯϥΠϯ LOUDSτϥΠߏங
ख๏ OLT1
ຊষͰ͸ Online LOUDS Trie Version 1 (OLT1)ʹ͍ͭͯड़΂Δ.
4.1 OLT1ͷجຊ֓೦
OLT1 Ͱ͸, จࣈྻΛগ਺ͷߴස౓ͷू߹ͱଟ਺ͷ௿ස౓ͷू߹ʹ෼͚, ͦΕͧΕ,
ߴ଎ͳσʔλߏ଄ͱίϯύΫτͳσʔλߏ଄ʹ֨ೲ͢Δ. ίϯύΫτͳσʔλߏ଄ʹ
ΑͬͯͰ͖Δ༨৒ͳ࢖༻ՄೳϝϞϦΛશͯߴ଎ͳσʔλߏ଄ʹׂΓ౰ͯΔ͜ͱ͕Ͱ͖
ΔͨΊ,ίϯύΫτͳσʔλߏ଄ͷϝϞϦޮ཰͕ߴ͍΄Ͳ,ΑΓଟ͘ͷจࣈྻ͕ߴ଎ͳ
σʔλߏ଄ʹ֨ೲ͞Εͯεϧʔϓοτ͕޲্͢Δ.
࢖༻ՄೳϝϞϦྔΛM ͱ͢Δ. ߴ଎ͳσʔλߏ଄ʹׂΓ౰ͯΔϝϞϦͷྔΛܾΊΔ
ʹ͸,ίϯύΫτͳσʔλߏ଄͕࢖༻͢ΔϝϞϦྔML Λݟੵ΋Δඞཁ͕͋Δ. OLT1
Ͱ͸, ࢖༻ՄೳϝϞϦྔ M ͔ΒίϯύΫτͳσʔλߏ଄͕࢖༻͢ΔϝϞϦྔͷݟੵ
ΓML ΛҾ͍ͨ࢒ΓΛ,ߴ଎ͳσʔλߏ଄ʹׂΓ౰ͯΔϝϞϦMH ͱ͢Δ (ࣜ 4.1).
MH = M −ML (4.1)
ਤ 4.1ʹ OLT1Ͱ༻͍Δσʔλߏ଄ͷ૊Έ߹Θͤํ๏ͷ֓ཁΛࣔ͢. ৽͘͠ put͞
Εͨจࣈྻ͸,͸͡Ίߴ଎ͳσʔλߏ଄ʹ֨ೲ͞ΕΔ. ଟ਺ͷจࣈྻ͕௥Ճ͞Εͯ,ߴ
଎ͳσʔλߏ଄ͷ࢖༻ϝϞϦྔ͕ఆΊΒΕ্ͨݶʹୡ͢Δͱ, LRUͳͲͷΩϟογϡ
ஔ͖׵͑ΞϧΰϦζϜʹΑͬͯબ୒͞Εͨ,Ұ෦ͷจࣈྻ͕ίϯύΫτͳσʔλߏ଄
΁ͱҠ͞ΕΔ. Ωϟογϡஔ͖׵͑ΞϧΰϦζϜʹΑͬͯ͸, จࣈྻͷҰ෦͕྆ํͷ
σʔλߏ଄ʹॏෳͯ͠อ࣋͞ΕΔͨΊ,͋Δจࣈྻʹର͢ΔಡΈग़͠ʹରͯ͠,࠷ۙॻ
͖ࠐ·Εͨ஋Λฦ͢ʹ͸,ಡΈग़͠΋ॻ͖ࠐΈ΋ඞͣߴ଎ͳσʔλߏ଄͔Βߦ͏.
ҎԼͰ͸,؆୯ͳ਺Λ༻͍ͯ,ఏҊख๏ʹظ଴͞ΕΔޮՌΛઆ໌͢Δ. ೖྗʹ઎ΊΔ
จࣈྻͷग़ݱճ਺ʹ͸େ͖ͳภΓ͕͋Δͱ͢Δ. ͜͜Ͱ͸,ग़ݱස౓্Ґ 25%ͷจࣈ
ྻ͕,શମͷग़ݱͷ 99%Λ઎ΊΔͱ͢Δ. ͦͷΑ͏ͳग़ݱස౓෼෍Ͱೖྗ͞ΕΔจࣈ
ྻΛॏෳΛআ͍ͯϝϞϦʹ֨ೲ͢Δ. ֤จࣈྻΛอ࣋͢ΔͷʹඞཁͳϝϞϦྔ͸ස౓
෼෍ͷϥϯΫʹΑΒͳ͍ͱ͢Δ.
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ਤ 4.1: ߴ଎ͳσʔλߏ଄ͱίϯύΫτͳσʔλߏ଄ͷ૊Έ߹Θͤํ๏
·ͣ,ൺֱର৅ͱͯ͠,୯Ұͷσʔλߏ଄Λ༻͍ͨ৔߹ͷ໰୊Λਤ 4.2,͓Αͼਤ 4.3
ʹࣔ͢. ͦΕͧΕ, ্ͷۣܗ͸ೖྗ͞ΕΔจࣈྻͱͦͷग़ݱස౓෼෍Λந৅Խͯ͠ද
͓ͯ͠Γ,ۣܗͷࠨ୺ʹ͍ۙ΄Ͳग़ݱස౓͕ߴ͘,ӈ୺ʹ͍ۙ΄Ͳग़ݱස౓͕௿͍จࣈ
ྻΛද͢.
ߴ଎ͳϋογϡςʔϒϧΛ༻͍Ε͹,ߴ͍εϧʔϓοτͰจࣈྻΛݕࡧɾ֨ೲͰ͖
Δ͕,ਤ 4.2ͷΑ͏ʹ,จࣈྻͷ਺͕ଟ͍৔߹ʹ͸શͯΛϝϞϦʹ֨ೲ͖͠Εͳ͍. μ
ϒϧΞϨΠτϥΠ͸ϋογϡςʔϒϧΑΓ΋ϝϞϦޮ཰͕ߴ͍ͨΊ,ਤ 4.3ͷΑ͏ʹ,
ಉ͡࢖༻ՄೳϝϞϦʹΑΓଟ͘ͷจࣈྻΛ֨ೲͰ͖Δ͕, ϝϞϦʹ͸༨৒͕͋Δ. ε
ϧʔϓοτ͸ϋογϡςʔϒϧͷ 3෼ͷ 2ఔ౓ʹͱͲ·Δ (ϋογϡςʔϒϧͷεϧʔ
ϓοτΛ 1.00ͱͨ࣌͠ 0.66ఔ౓).
͜ͷΑ͏ʹ,୯Ұͷσʔλߏ଄ΛσʔλετΞʹ༻͍Δͱ,༩͑ΒΕͨ࢖༻ՄೳϝϞ
ϦΛ༨ΒͤΔ͔,΋͘͠͸௒աͯ͠ೖΓ͖Βͳ͍͜ͱ͕͋Δ.
࣍ʹ, OLT1ͷϝϞϦ࢖༻ྔͱεϧʔϓοτͷྫΛਤ 4.4ʹࣔ͢. ߴ଎ͳσʔλߏ଄
ͱͯ͠ϋογϡςʔϒϧΛ༻͍,ίϯύΫτͳσʔλߏ଄ͱͯ͠ LOUDSτϥΠΛ༻
͍Δ. ϋογϡςʔϒϧͱൺֱͯ͠, LOUDSτϥΠͷεϧʔϓοτ͸͓Αͦ 0.05 (20
෼ͷ 1),࢖༻ϝϞϦྔ͸ 4෼ͷ 1ఔ౓Ͱ͋Δ. OLT1Ͱ͸,શͯͷจࣈྻΛ LOUDSτ
ϥΠʹ֨ೲ͠,࢒Γͷ࢖༻ՄೳϝϞϦΛશͯ࢖ͬͯ,ग़ݱස౓ͷߴ͍จࣈྻΛϋογϡ
ςʔϒϧʹ֨ೲ͢Δ. ྫ͑͹, ग़ݱස౓্Ґ 25%ͷ਺ͷจࣈྻΛϋογϡςʔϒϧʹ
֨ೲͰ͖Δͱ͢Δ. ͜ΕʹΑΓ,ೖྗͷ 99%͕ϋογϡςʔϒϧͰॲཧ͞ΕΔ. ͜Ε
Βͷ਺஋͔Β OLT1ͷεϧʔϓοτΛܭࢉ͢Δͱ 1/(0.99/1 + 0.01/0.05) ∼ 0.84ͱͳ
Δ. ͜Ε͸ैདྷख๏Ͱ͋ΔμϒϧΞϨΠτϥΠͷεϧʔϓοτ 0.66ΑΓ΋ߴ͍.
ग़ݱස౓෼෍ʹେ͖ͳภΓ͕͋Δ࣌,͜ͷΑ͏ͳσʔλߏ଄ͷ૊Έ߹ΘͤʹΑͬͯ
ैདྷख๏ΑΓ΋ߴ͍εϧʔϓοτ͕ಘΒΕΔ͜ͱ͕෼͔Δ. ·ͨ, ೖྗ͞ΕΔจࣈྻ
ͷ਺ʹΑͬͯϋογϡςʔϒϧͷαΠζ͕ௐ੔͞ΕΔͨΊ,ϝϞϦͷ༨৒͕গͳ͘,Α
Γଟ͘ͷจࣈྻΛ֨ೲͰ͖Δ.
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ਤ 4.3: ैདྷख๏: μϒϧΞϨΠτϥΠ
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ਤ 4.4: ఏҊख๏: OLT1 (2छྨͷσʔλߏ଄ͷ૊Έ߹Θͤ)
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4.2 ίϯύΫτͳσʔλߏ଄ͷੑೳͱબఆ
OLT1 ͷੑೳ͸, ೖྗ͞ΕΔจࣈྻͷग़ݱස౓෼෍ͷภΓͷେ͖͞ͱ, ࢖༻͢Δί
ϯύΫτͳσʔλߏ଄ͷϝϞϦޮ཰, ͓ΑͼεϧʔϓοτʹΑΓܾఆ͞ΕΔ. ຊઅͰ
͸,༷ʑͳσʔλߏ଄ͷ࣮ࡍͷϝϞϦ࢖༻ྔͱεϧʔϓοτΛଌఆͨ݁͠ՌΛ΋ͱʹ,
OLT1Ͱ࢖༻͢Δσʔλߏ଄Λબఆ͢Δ. ܭଌ؀ڥʹ࢖༻ͨ͠ϋʔυ΢ΣΞ,͓Αͼι
ϑτ΢ΣΞΛҎԼʹࣔ͢:
• Intel Core i7-3770 3.40GHz 4Core 6MB L3 Cache
• PC3-12800 16GB DDR3 SDRAM 1600Mhz
• SATA 6Gb/s ADATA SSD SX900 512GB
• SATA 6Gb/s WDC 2TB HDD Intellipower 64MB Cache
• Windows 8.1 Pro 64bit OS for x64 based processor
• Java(TM) SE Runtime Environment (build 1.8.0 40-b25)
• Java HotSpot(TM) 64-Bit Server VM (build 25.40-b25, mixed mode)
ॏෳഉআͳͲͷΞϓϦέʔγϣϯΛ૝ఆ͠,֤σʔληοτʹؚ·ΕΔΩʔΛॏෳΛ
আ͍ͯ֨ೲͨ͠৔߹ͷϝϞϦ࢖༻ྔ (size,୯Ґ͸MB)ͱ,ॏෳΛؚ·ͳ͍Ωʔू߹Λ
௥ه͢Δ৔߹ͷશମͷεϧʔϓοτ (put,୯Ґ͸ඦສ/ඵ),ΩʔΛ֨ೲͨ͠ϋογϡςʔ
ϒϧʹରͯ͠ॏෳΛؚΉσʔληοτͷΩʔϫʔυΛ getͨ͠ࡍͷશମͷεϧʔϓο
τ (get, ୯Ґ͸ඦສ/ඵ)Λܭଌͨ͠. σʔληοτʹ͸ද 1.1ͷ NHTSA, kakaku.com,
͓Αͼ reuters.comͷ 3ͭΛ༻͍ͨ. ͜ΕΒ͸ਤ 1.1ʹࣔ͢Α͏ʹδοϓͷ๏ଇʹै͏
ස౓෼෍Λ࣋ͭ.
ද 4.1ʹ, Javaͷඪ४ϥΠϒϥϦͰఏڙ͞Ε͍ͯΔ java.util.HashMap (Java HashMap),
Apache Lucene [22]Ͱ࢖༻͞Ε͍ͯΔ CompactLabelToOrdinal (CompactL2O),ຊݚڀ
Ͱ࣮૷ͨ͠ίϯύΫτͳϋογϡςʔϒϧ (Koyanagi HT),จݙ [18]Λ࠶ݱͨ͠Χο
ίʔϋογϡͷ࣮૷ (Cuckoo HT)ͷ 4ͭͷϋογϡςʔϒϧͷ࣮૷ͷඞཁϝϞϦαΠ
ζͱ௥Ճ/ݕࡧͷੑೳΛࣔ͢.
ද 4.1ͷ putͷॲཧʹ͸,ϝϞϦׂΓ౰ͯͷ΄͔,ϋογϡ஋ͷিಥ֬཰Λ௿͘อͭ
ͨΊʹϋογϡදΛ৳௕ͯ͠ΩʔΛ഑ஔ͠ͳ͓͢࠶ϋογϡͷॲཧؚ͕࣌ؒ·Ε͍ͯ
Δ. ͜ͷͨΊ, putͷॲཧ͸ getΑΓ΋εϧʔϓοτ͕௿͍. CompactL2O͸จࣈίʔ
υͷ಺෦දݱʹ Java Ͱඪ४తʹ࢖༻͞Ε͍ͯΔ 16ϏοτͷΤϯίʔσΟϯάΛ༻
͍͍ͯΔͨΊαΠζ͕େ͖͍. Koyanagi HTͱ Cuckoo HT͸ UTF-8Λ࢖༻͍ͯ͠Δ
ͨΊ, ಛʹΩʔ͕ ASCIIจࣈͷଟ͍ӳจ͔Βநग़͞ΕΔͱ͖ϝϞϦޮ཰͕ߴ͍. Java
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HashMap Ͱ͸, ௨ৗจࣈྻΛΩʔͱ͢Δ৔߹͸ java.lang.String ΫϥεΛ࢖༻͢Δ͕,
͜ͷ࣮ݧͰ͸ଞͷσʔλߏ଄ͱΩʔͷܕΛଗ͑ΔͨΊʹ UTF-8ΤϯίʔσΟϯά͠
ͨόΠτ഑ྻΛ༻͍ͨ. ຊݚڀͰ͸,࠷΋ߴ଎ͳ Koyanagi HTΛ OLT1ͷߴ଎ͳσʔ
λߏ଄ͱͯ͠༻͍Δ.
ද 4.2ʹ,μϒϧΞϨΠτϥΠͷ࣮૷ (DA Trie),ೋ෼୳ࡧτϥΠͷ࣮૷ (BS Trie),μ
ϒϧΞϨΠτϥΠͷ઀ඌࣙΛϋογϡςʔϒϧΛ࢖༻ͯ͠·ͱΊΔ࣮૷ (DA DAWG),
ೋ෼୳ࡧτϥΠͷ઀ඌࣙΛϋογϡςʔϒϧΛ࢖༻ͯ͠·ͱΊΔ࣮૷ (BS DAWG)ͷ
4ͭͷಈతτϥΠ໦ͷ࣮૷ͷඞཁϝϞϦαΠζͱ௥Ճ/ݕࡧͷੑೳΛࣔ͢.
μϒϧΞϨΠτϥΠ͸,ද 4.1ʹࣔͨ͠ϋογϡςʔϒϧͱಉఔ౓ͷߴ଎ͳݕࡧ (get)
͕ՄೳͰ͋Δ. Ұํ, ΩʔΛ௥Ճ͢Δͱ͖ʹߋ৽͞ΕͨϊʔυΛ֨ೲ͢Δ৔ॴΛ୳ࡧ
͢Δඞཁ͕͋ΔͨΊ putͷεϧʔϓοτ͸௿͍. ೋ෼୳ࡧτϥΠ͸ϊʔυͷ֨ೲํ๏
͕୯७Ͱແବ͕গͳ͍ͨΊ,ϝϞϦޮ཰ͱ putͷεϧʔϓοτͰ͸μϒϧΞϨΠτϥ
ΠΑΓ΋༏Ε͍ͯΔ. ͜ͷ࣮ݧ݁Ռ͔Βಈతσʔλߏ଄Ͱ͸ DAWGʹ͢ΔޮՌ͕খ
͍͜͞ͱ͕Θ͔Δ.
ຊݚڀͰ͸ಈతτϥΠΛόοϑΝͱͯ͠༻͍,෯༏ઌ૸ࠪ͢Δ͜ͱʹΑͬͯ LOUDS
τϥΠΛߏங͢Δ. NHTSAͷΩʔΛશͯ֨ೲͨ͠෯༏ઌ૸ࠪͷεϧʔϓοτ (ඵ͋ͨ
Γͷ๚໰ϊʔυ਺)͸, μϒϧΞϨΠτϥΠͰ͸ຖඵ 1100ສϊʔυ, ೋ෼୳ࡧτϥΠ
Ͱ͸ຖඵ 1200ສϊʔυͰ͋ͬͨ. ͕ͨͬͯ͠,ຊݚڀͰ͸ೋ෼୳ࡧτϥΠΛ LOUDS
τϥΠߏஙͷͨΊͷόοϑΝͱͯ͠࢖༻͢Δ. ͜ͷόοϑΝΛόοϑΝτϥΠͱݺͿ.
؆ܿॱং໦ LOUDS, BP,͓Αͼ DFUDSʹΑΔτϥΠ໦ͷ C++ݴޠʹΑΔ࣮૷͕
͋Δ [85]. ͜ͷ࣮૷Λ༻͍ͯ͜ΕΒͷ؆ܿॱং໦ͷαΠζͱݕࡧੑೳΛௐ΂ͨ. ͦͷ
݁ՌΛද 4.3ʹࣔ͢.
αΠζͱ getͷੑೳʹ͍ͭͯ͸ද 4.1, 4.2ͱಉ༷ͷ߲໨Λ, putͷੑೳʹ͍ͭͯ͸,ॏ
ෳΛؚ·ͳ͍Ωʔͷू߹ΛόοϑΝ͠,؆ܿσʔλߏ଄ʹม׵͢Δࡍͷεϧʔϓοτ
(୯Ґ͸ඦສ/ඵ)Λܭଌͨ͠. σʔληοτ͸ද 1.1ʹܝࡌͨ͠΋ͷΛ࢖༻ͨ͠. OSʹ
͸CentOS 6.5 Linux 2.6.32-431.17.1.el6.x86 64 SMPΛ,ίϯύΠϥʹ͸Gcc 4.4.7Λ༻
͍ͨ.
͜ΕΒͷ݁Ռ͔Β,͜ͷར༻ํ๏Ͱ࠷΋εϧʔϓοτ͕ߴ͘,࢖༻ϝϞϦ͕গͳ͍؆
ܿॱং໦͸, LOUDSτϥΠͰ͋Δ͜ͱ͕෼͔Δ. ·ͨ, BPτϥΠ͸ݕࡧੑೳ͕ଞͷ 2
ͭͱൺֱͯ͠ஶ͘͠௿͍. ͜ͷ݁ՌΛड͚,ຊݚڀͰ͸؆ܿσʔλߏ଄ͱͯ͠ LOUDS
τϥΠΛ࢖༻͢Δ.
4.3 ΦϯϥΠϯ LOUDSτϥΠ
ຊઅͰ͸,ຊݚڀͰఏҊ͢ΔίϯύΫτͳσʔλߏ଄,ΦϯϥΠϯ LOUDSτϥΠͷ
ߏங๏ʹ͍ͭͯड़΂Δ. ఏҊख๏Ͱ͸,όοϑΝτϥΠʹܾ·ͬͨ਺ͷจࣈྻ͕ೖྗ͞
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ද 4.1: ϋογϡςʔϒϧͷඞཁϝϞϦαΠζͱ putͱ getͷεϧʔϓοτ
NHTSA kakaku.com reuters.com
size put get size put get size put get
(MB) (M/s) (M/s) (MB) (M/s) (M/s) (MB) (M/s) (M/s)
Java HashMap 1062 1.71 2.53 2357 0.48 3.55 844 1.99 4.16
ComapctL2O 592 1.19 1.97 1019 1.67 2.44 376 1.34 2.60
Koyanagi HT 345 1.55 3.22 764 1.88 4.63 237 1.99 4.65
Cuckoo HT 317 0.99 2.91 652 1.13 4.59 209 1.23 4.14
ද 4.2: ಈతτϥΠ໦ͷඞཁϝϞϦαΠζͱ putͱ getͷεϧʔϓοτ
NHTSA kakaku.com reuters.com
size put get size put get size put get
(MB) (M/s) (M/s) (MB) (M/s) (M/s) (MB) (M/s) (M/s)
DA Trie 145 0.94 2.26 447 1.14 4.25 168 1.11 3.86
BS Trie 126 0.91 1.03 368 1.30 2.04 141 1.43 1.69
DA DAWG 143 0.83 2.08 463 1.08 4.07 164 0.91 3.74
BS DAWG 125 0.86 1.02 385 1.27 2.16 138 1.24 1.75
ද 4.3: ؆ܿॱং໦ʹΑΔτϥΠ໦ (C++) ͷඞཁϝϞϦαΠζͱ putͱ getͷεϧʔ
ϓοτ
NHTSA kakaku.com reuters.com
size put get size put get size put get
(MB) (M/s) (M/s) (MB) (M/s) (M/s) (MB) (M/s) (M/s)
LOUDS Trie 39 2.19 0.66 122 1.99 1.48 46 1.85 1.30
BP Trie 46 2.41 0.17 144 2.30 0.12 54 2.09 0.12
DFUDS Trie 47 2.34 0.54 144 2.27 1.23 55 1.97 1.04
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ਤ 4.5: ΦϯϥΠϯ LOUDSτϥΠ
ΕΔ͝ͱʹ LOUDSτϥΠΛߏங͢Δ. ͦͷ֓ཁΛਤ 4.5ʹࣔ͢.
ΦϯϥΠϯ LOUDSτϥΠ΁ͷೖྗ͸,จࣈྻͷΩʔͱ੔਺ͷ஋ͷ૊ΈΛཁૉͱ͢
ΔྻͰ͋Δ. όοϑΝτϥΠͷαΠζͷ্ݶΛ w ͱ͢Δ. S ͸ LOUDSτϥΠΛอ࣋
͢ΔϦετͱ͢Δ.
4.3.1 όοϑΝϦϯάͱߏங
ೖྗͨ͠Ωʔͱ஋ͷ૊Έ͸όοϑΝτϥΠ B ʹ֨ೲ͞ΕΔ. ͜ͷ B ͸ೋ෼୳ࡧτ
ϥΠΛ༻͍࣮ͯ૷͞ΕΔಈతͳτϥΠ໦Ͱ͋Γ,ೖྗͨ͠Ωʔͱ஋ͷ૊Λ௚ͪʹݕࡧ
ʹ൓өͤ͞Δ͜ͱ͕Ͱ͖Δ.
wݸͷΩʔͱ஋ͷ૊Έ͕Bʹ֨ೲ͞ΕΔͱ,Bʹର͢Δ෯༏ઌ૸ࠪʹΑͬͯ LOUDS
τϥΠ͕ߏங͞Ε,Ϧετ S ʹ௥Ճ͞ΕΔ. ͦͷޙ B Λۭʹ͢Δ.
શମΛίϯύΫτʹ͢ΔͨΊʹ, w͸શମͷαΠζʹରͯ͠े෼খ͘͞ͳΔΑ͏ʹ
ઃఆ͢Δ. ͨͩ͠,όοϑΝτϥΠͷαΠζΛখ͗͘͢͞͠ΔͱੑೳʹӨڹ͕͋Δ. όο
ϑΝτϥΠͷαΠζͷઃఆํ๏ʹ͍ͭͯ͸ 4.3.7અͰৄ͘͠ड़΂Δ.
4.3.2 ݕࡧ
ෳ਺ͷσʔλߏ଄͔ΒͳΔΦϯϥΠϯ LOUDSτϥΠʹ͸,ಉ͡Ωʔ͕ෳ਺֨ೲ͞
Ε͍ͯΔՄೳੑ͕͋Δ. Ωʔͷݕࡧཁٻʹରͯ͠͸,ରԠ͢Δ஋ͷ͏ͪ,࠷ۙೖྗ͞Ε
ͨ஋ΛԠ౴͠ͳ͚Ε͹ͳΒͳ͍.
·ͣ,όοϑΝτϥΠ B ͰΩʔΛݕࡧ͢Δ. ͜͜Ͱݟ͔ͭΒͳ͚Ε͹,Ϧετ S ͷ
৽͍͠ॱʹ LOUDSτϥΠΛݕࡧ͢Δ. Ωʔ͕ݟ͔ͭΕ͹, ͦͷ஋Λݕࡧ݁Ռͱͯ͠
ฦ͢. ࠷ޙ·Ͱݟ͔ͭΒͳ͚Ε͹,݁Ռ͕ͳ͍͜ͱΛࣔ͢ ∅Λฦ͢.
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4.3.3 Ϛʔδ
Ϧετ S ͕Ϛʔδ͞ΕΔ͜ͱʹΑΓ,৽͍͠ LOUDSτϥΠ͕࡞ΒΕΔ. ࠷৽ͷ஋
Λอ࣋͢ΔͨΊ, B ͱ S ͷؒͰΩʔ͕ॏෳ͢Δ৔߹ʹ͸ B ͷ஋͕อ࣋͞ΕΔ. S ʹಉ
͡Ωʔؚ͕·ΕΔ৔߹ʹ͸࠷৽ͷ LOUDSτϥΠʹؚ·ΕΔ஋͕อ࣋͞ΕΔ. S ͷ಺
༰͸ϚʔδʹΑͬͯ࡞ΒΕͨ LOUDSτϥΠʹΑͬͯஔ͖׵͑ΒΕΔ.
͜ͷϚʔδํ๏Ͱ͸,શମͷΩʔͷݸ਺Λ N ,Ұ౓ʹϚʔδ͢Δݸ਺Λ f ͱ͢Δͱ,
Ϛʔδͷճ਺͸ ⌊N/(wf)⌋ͱͳΔ.
4.3.4 τϥΠ໦ͷ෯༏ઌ૸ࠪ
όοϑΝτϥΠ͔Β LOUDSτϥΠΛߏங͢Δʹ͸,όοϑΝτϥΠΛ෯༏ઌ૸ࠪ
͢Δඞཁ͕͋Δ. ·ͨ,Ϛʔδͷࡍ΋ LOUDSτϥΠͷ෯༏ઌ૸͕ࠪߦΘΕΔ.
τϥΠ໦ T Λ෯༏ઌ૸ࠪ͢Δʹ͸,ϊʔυ nΛ๚Εͨޙ,ͦͷࢠͷ͏ͪ࠷ॳͷࢠΛ
๚Ε,ଓ͍ͯͦͷܑఋΛॱʹ๚ΕΕ͹ྑ͍. ͕ͨͬͯ͠,ϊʔυ nʹରͯ͠࠷ॳͷࢠΛ
ฦ͢ firstChild(n), ྡͷϊʔυΛฦ͢ sibling(n), ͦͯ͠, τϥΠ໦ͷϊʔυʹׂΓ౰
ͯΒΕͨจࣈΛฦ͢ alphabet(n)͕࣮ݱ͞ΕΕ͹෯༏ઌ૸͕ࠪՄೳʹͳΔ. τϥΠ໦
Ͱ͸ࢠͷϊʔυ͸ΞϧϑΝϕοτॱʹ੔ྻ͍ͯ͠ΔͨΊ, firstChild(n)Ͱ͸, nʹଓ͘
ϊʔυͷ͏ͪ, จࣈͷ࠷΋খ͍͞ϊʔυ͕ฦ͞Ε, sibling(n) Ͱ͸, n ͷ࣍ʹখ͍͞จ
ࣈΛ࣋ͭϊʔυ͕ฦ͞ΕΔ. nʹଓ͘จࣈ͕ͳ͍ͱ͖, firstChild(n) = ∅ͱ͠, n͕ڞ
௨઀಄ࣙʹରͯ͠࠷େͷจࣈΛ࣋ͭͱ͖, sibling(n) = ∅ͱ͢Δ. ͜ΕΒͷૢ࡞Λ༻͍
ͯ,τϥΠ໦ͷϧʔτϊʔυ r͔Β,෯༏ઌ૸ࠪΛߦ͏ΞϧΰϦζϜ͸, n, cΛϊʔυ
ͱ͢Δͱ,Ωϡʔ qΛ࢖ͬͯ,࣍ͷΑ͏ʹॻ͚Δ (|q|͸ qʹؚ·ΕΔཁૉ਺):
q ← {r}
visit(∅, r)
while |q| ̸= 0 do
p← q.dequeue()
n← firstChild(p)
while n ̸= ∅ do
q.enqueue(n)
visit(p, n)
n← sibling(n)
end while
end while
τϥΠ໦ͷϊʔυ n͸ visit(p, n)ʹΑͬͯ,ͦͷ਌ϊʔυ pΛ൐ͬͯ෯༏ઌॱʹ૸ࠪ
͞ΕΔ. ଓ͘અͰ͸, LOUDSτϥΠͷߏங,͓Αͼ,Ϛʔδ͕, firstChild(n), sibling(n),
alphabet(n),͓Αͼ, visit(p, n)Λఆٛ͢Δ͜ͱʹΑ࣮ͬͯݱͰ͖Δ͜ͱΛࣔ͢.
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4.3.5 LOUDSτϥΠͷߏங
ຊݚڀͰ༻͍Δ LOUDSτϥΠ͸, LOUDSΛ࢖ͬͨ໦ߏ଄෦ʹ࠷খڞ௨઀಄ࣙΛอ
࣋͠,࢒ΓͷจࣈྻΛϋογϡςʔϒϧΛ࢖ͬͨ TAILͱݺͿσʔλߏ଄ʹ֨ೲ͢Δ.
໦ߏ଄෦͸, LOUDSΛ֨ೲ͢ΔϏοτྻ LOUDSͱ,ϦʔϑΛࣔ͢Ϗοτྻ LEAF,֤
ϊʔυͷจࣈΛ֨ೲͨ͠ EDGE,஋Λ֨ೲ͢Δ੔਺ͷ഑ྻ VALͷ 4ͭͷσʔλ͔Β
ߏ੒͞ΕΔ. τϥΠ໦ͷੑ࣭͔Β,֤จࣈྻʹ͸ͻͱͭͷϦʔϑ͕ରԠ͠,஋͸Ϧʔϑ
ʹରԠͯ֨͠ೲ͞ΕΔ.
LOUDSτϥΠΛߏங͢Δࡍʹ͸࣍ͷૢ࡞Λ࣮ߦ͢Δ. ·ͣ,Ϗοτྻ “10”ΛϏοτ
ྻ LOUDSʹ௥Ճ͢Δ. ଓ͍ͯ, 4.3.4߲ʹࣔͨ͠෯༏ઌ૸ࠪΛ࣮ߦ͠, visit(p, n)Ͱ, n
ͷࢠͱಉ͡ݸ਺ͷ “1”ͱଓ͘ “0”ΛϏοτྻ LOUDSʹ௥Ճ͢Δ. ࢠͷ਺͕ 0ͷ৔߹
͸ “0”͚͕ͩ௥Ճ͞ΕΔ. EDGEʹ͸ alphabet(n)Λ௥Ճ͢Δ. LEAFʹ͸, nʹࢠ͕
ແ͚Ε͹ “1”Λ͋Ε͹ “0”Λ௥Ճ͢Δ. ਤ 4.6ʹ,จࣈྻ “ape”, “cat”, “cattle”, “scale”,
“scope”ΛؚΉ LOUDSτϥΠͷߏஙྫΛࣔ͢.
จࣈྻʹରԠ͢Δ஋Λݕࡧ͢Δʹ͸, ϧʔτ͔ΒϦʔϑʹ޲͔ͬͯ, จࣈྻͷ֤จ
ࣈʹରԠ͢ΔϊʔυΛॱʹऔΓग़͢ૢ࡞͕ඞཁͰ͋Δ. LOUDSͰ͸ϊʔυͷॱҐΛ
෯༏ઌʹऔΔ͜ͱͰ,ϊʔυͷ਌,ࢠ,ܑఋͷॱҐ͕ܭࢉͰ͖Δ [32]. ͜ΕΒͷܭࢉ͸,
LOUDSϏοτྻΛϒϩοΫ୯Ґʹ෼ׂ͠, 2ஈ֊Ͱ “1”ͷݸ਺Λอ࣋͢Δ׬උࣙॻͱ
ݺ͹ΕΔΠϯσΫε [36]Λ࡞Δ͜ͱͰߦΘΕΔ. ׬උࣙॻʹΑΔॱҐͷܭࢉ͸ O(1)
ͷ࣌ؒͰ࣮ݱ͞ΕΔ. ·ͨ, EDGEʹ͸,ϊʔυͷॱҐʹैͬͯจࣈΛ֨ೲ͠,ϊʔυ
ͷॱҐ͔ΒจࣈΛऔಘͰ͖ΔΑ͏ʹ͢Δ. LEAFʹ΋ LOUDSͱಉ༷ͷΠϯσΫεΛ
࡞Δ͜ͱͰ, LEAFͱϊʔυͷॱҐ͔ΒϦʔϑ͚ͩΛ਺͑ͨॱҐ͕ܭࢉͰ͖Δ. ͜ͷॱ
Ґʹैͬͯ VALʹ஋Λ֨ೲ͢Δ͜ͱͰରԠ͢ΔϦʔϑ͕ಛఆ͞Εͨͱ͖ʹͦͷ஋Λ
ฦ͢͜ͱ͕Ͱ͖Δ.
LOUDS τϥΠΛߏ੒͢Δ֤σʔλͷαΠζ͸ܭࢉͰٻΊΔ͜ͱ͕Ͱ͖, ͦͷϏο
τ਺͸ϊʔυͷ਺ nʹ઴ۙతʹൺྫ͢Δ. τϥΠ໦ʹؚ·ΕΔΩʔͷ਺ N ͸ϊʔυ
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ͷ਺ nҎԼͰ͋Δ. ॱং໦ͷ؆ܿσʔλߏ଄Ͱ͋Δ LOUDS͸ 2n+1ϏοτΛফඅ͢
Δ. ·ͨ, LEAF͸ϊʔυͷ਺ͱಉ਺Ͱ͋ΔͨΊ nϏοτ, EDGE͸ϊʔυͱಉ਺ͷ 1
όΠτจࣈΛ֨ೲ͢ΔͨΊ 8nϏοτΛফඅ͢Δ. ΩʔʹରԠ͢Δ஋Λ֨ೲ͢Δ VAL
͸Ωʔͷ਺ N ʹൺྫ͢Δ. ஋͸ 32Ϗοτͷ੔਺Ͱ͋ΔͨΊ, 32N ϏοτΛফඅ͢Δ.
LOUDSͱ LEAFʹରͯ͠׬උࣙॻ͕࡞੒͞ΕΔ. 2.4અͰड़΂ͨΑ͏ʹ,͜ΕΒͷα
Πζ͸ n͕େ͖͍ͱ͖ʹ͸ఆ਺ͱΈͳͤΔαΠζͰ͋ΔͨΊ, ຊݚڀͰ͸, τϥΠ໦
ͷϊʔυ΍Ωʔ͋ͨΓͷϝϞϦαΠζͷܭࢉͰ͸ແࢹ͢Δ. Ҏ্͔Β, LOUDSτϥΠ
ͷϊʔυ͋ͨΓͷϏοτ਺͸ 43ϏοτҎԼͰ͋Δ.
4.3.6 ೋ෼୳ࡧτϥΠʹΑΔόοϑΝτϥΠͷ࣮૷
όοϑΝτϥΠͷओͳ໨త͸ LOUDSτϥΠΛߏங͢ΔͨΊʹಈతʹτϥΠ໦Λ࡞
੒͢Δ͜ͱͰ͋Δ. ਤ 4.5ʹࣔͨ͠Α͏ʹ, LOUDSτϥΠʹ૊ΈࠐΉจࣈྻͷू߹͸,
Ұ౓ಈతʹߏஙՄೳͳτϥΠ໦ʹ֨ೲ͠,ͦͷϊʔυΛ෯༏ઌ૸ࠪͯ͠ϏοτྻΛ࡞
੒͢Δ. ෯༏ઌૢ࡞͸ 4.3.4߲Ͱࣔͨ͠ํ๏Ͱߦ͏.
LOUDSτϥΠΛߏங͢Δ෯༏ઌ૸ࠪΛߴ଎ʹߦ͏ͨΊ, ֤ࢬͷΞϧϑΝϕοτΛ
࿈ଓͨ͠ϝϞϦྖҬʹอ࣋͢ΔͱΑ͍. 2.3અͰड़΂ͨΑ͏ʹ,ೋ෼୳ࡧτϥΠ͸Ξϧ
ϑΝϕοτΛ࿈ଓͨ͠ϝϞϦྖҬʹอ࣋͢ΔͨΊ,෯༏ઌ୳ࡧΛߴ଎ʹߦ͏͜ͱ͕Ͱ
͖Δ. ͕ͨͬͯ͠,ຊݚڀͰ͸όοϑΝτϥΠͷ࣮૷ʹೋ෼୳ࡧτϥΠΛ༻͍Δ.
ਤ 4.7ʹ, “abstract”, “boolean”, “break”, “byte”, “cast”, “catch”, “char”, “class”, “const”,
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ਤ 4.8: όοϑΝαΠζͱεϧʔϓοτͷؔ܎
͓Αͼ “continue”ͷ 10 ݸͷΩʔΛؚΉೋ෼୳ࡧτϥΠͷྫΛࣔ͢. ͜ͷྫͰ͸τϥ
Π໦ͷ༿ʹ TAILͱ஋Λ֨ೲ͍ͯ͠Δ. จࣈΛ֨ೲ͢Δϊʔυ͸ “abc”, “ory”, “ahlo”,
“st”, “n”,͓Αͼ “st”,ͷ 6͕ͭ͋Γ,֨ೲ͞ΕΔจࣈ͸ϊʔυ͝ͱʹΞϧϑΝϕοτॱ
ʹιʔτ͞Ε͍ͯΔ. ݕࡧΩʔͷจࣈΛ֤ϊʔυͰ୳ࡧ͢Δͱ͖ʹೋ෼୳ࡧΞϧΰϦ
ζϜ͕༻͍ΒΕΔ.
4.3.7 όοϑΝτϥΠͷαΠζͱΦϯϥΠϯ LOUDSτϥΠͷੑೳ
ΦϯϥΠϯ LOUDS τϥΠͰ͸, όοϑΝτϥΠͷαΠζ͕ੑೳʹӨڹΛ༩͑Δ.
όοϑΝτϥΠͷαΠζΛେ͖͘͢Δͱ, ΑΓେ͖ͳ, ΑΓগ਺ͷ LOUDS τϥΠ͕
ߏங͞ΕΔ. ͜ͷͱ͖,ݕࡧ͢΂͖ LOUDSτϥΠ਺͸ݮΓ,Ϛʔδճ਺΋গͳ͘ͳΔ.
Αͬͯ, ੑೳ͸ߴ͘ͳΔ͕, ίϯύΫτͳσʔλߏ଄Λ࣮ݱ͢Δͱ͍͏໨తͱ͸൓͢
Δ. Ұํ,όοϑΝτϥΠͷαΠζΛখ͘͢͞Δͱ,ΑΓখ͞ͳ,ΑΓଟ͘ͷ LOUDSτ
ϥΠ͕ߏங͞ΕΔ. ͕ͨͬͯ͠,ݕࡧ͢΂͖ LOUDSτϥΠ਺ͱϚʔδճ਺͕૿͑Δ.
Αͬͯ,ੑೳ͸௿͘ͳΔ͕ϝϞϦ࢖༻ྔ͸཈͑ΒΕΔ.
όοϑΝαΠζͱεϧʔϓοτͷؔ܎͸,֓Ͷਤ 4.8ͷΑ͏ʹͳΔ. ਤͷԣ࣠͸όο
ϑΝαΠζΛද͠,ॎ࣠͸εϧʔϓοτΛද͢. όοϑΝαΠζΛେ͖͍ͯ͘͘͠ͱ,
εϧʔϓοτ͸޲্͢Δ͕,ͦͷޮՌ͸࣍ୈʹ؇΍͔ʹͳΔ. Ұํ,όοϑΝαΠζΛ
খ͍ͯ͘͘͞͠ͱ,͋ΔॴͰٸܹʹεϧʔϓοτ͕௿Լ͢Δ. ͦ͜Ͱ, ຊݚڀͰ͸, ͜
ͷٸܹʹεϧʔϓοτ͕௿Լ͢Δ௚લͷόοϑΝαΠζΛ༻͍Δ (ਤͷ x෇ۙ).
4.3.8 Ϛʔδ࣌ʹҰ࣌తʹ࢖༻͞ΕΔϝϞϦ
Ϛʔδ࣌ʹ͸,Ϛʔδલޙͷ LOUDSτϥΠ͕ಉ࣌ʹଘࡏ͢ΔͨΊ,Ұ࣌తʹશମͷ
2ഒʹ͍ۙྔͷϝϞϦ͕࢖ΘΕΔ. ຊষͱ 6ষͷܭଌʹ͸͜ͷҰ࣌తʹ࢖༻͞ΕΔϝ
35
Department of Computer Science University of Tsukuba
P 34
Bloom Filter Bloom FilterBloom Filter
Put
Get
1 2 3 4
Build LOUDS Trie MergeLOUDS Trie
Buffer Trie
LOUDS Trie
List S
B
ਤ 4.9: ϒϧʔϜϑΟϧλ෇͖ΦϯϥΠϯ LOUDSτϥΠ
ϞϦ͸ؚ·Ε͍ͯͳ͍. ͔͠͠, γεςϜ͕Ұ࣌ར༻ՄೳͳϝϞϦΛ࢒͍ͯ͠ͳ͍৔
߹ʹ͸,͜Ε΋Ճຯͯ͠OLT1ͷϝϞϦׂΓ౰ͯΛܾఆ͢Δඞཁ͕͋Δ. ͜ΕʹΑΓ,
จࣈྻΛ࢖༻ՄೳϝϞϦʹ֨ೲ͖͠Εͳ͍৔߹,໰୊ʹͳΔ.
͜ͷ໰୊Λճආ͢ΔͨΊʹ, OLT1Ͱ͸,ϚʔδͰ͖ͳ͍΄Ͳେ͖͘ͳͬͨ LOUDS
τϥΠΛ,Ϛʔδର৅͔Βআ͘ख๏ΛऔΔ. Ϛʔδ͔Βআ͘αΠζ͸खಈͰઃఆ͢Δ.
5ষͰड़΂ΔOLT2͸,Ϛʔδ͕ൃੜ͠ͳ͍ΞϧΰϦζϜͰ͋ΔͨΊ,͜ͷ໰୊Λࠜ
ຊతʹղܾ͍ͯ͠Δ.
4.4 ϒϧʔϜϑΟϧλʹΑΔݕࡧͷߴ଎Խ
LOUDSτϥΠΛ 4.3અʹࣔͨ͠ख๏ͰΦϯϥΠϯͰߏங͢Δ৔߹, LOUDSτϥΠ
਺ͷ૿Ճʹ൐ͬͯݕࡧੑೳ͕௿Լ͢Δ. ϚʔδʹΑͬͯ LOUDSτϥΠͷ਺Λ཈͑Δ
͜ͱ͕Ͱ͖Δ͕,සൟͳϚʔδʹ͸େ͖ͳܭࢉ͕͔͔࣌ؒΔ.
ຊݚڀͰ͸, ֤ LOUDS τϥΠʹϒϧʔϜϑΟϧλΛ෇Ճ͠, ݕࡧΩʔΛؚ·ͳ͍
LOUDSτϥΠͷݕࡧΛࣄલʹεΩοϓ͢Δ͜ͱͰ, LOUDSτϥΠ਺ͷ૿Ճʹ൐͏ݕ
ࡧੑೳͷ௿ԼΛ཈͑Δ. ͜ͷվળʹΑͬͯ, ݕࡧੑೳΛམͱͣ͞ʹϚʔδͷස౓Λ཈
͑Δ͜ͱ͕ՄೳʹͳΔ. ਤ 4.9ʹϒϧʔϜϑΟϧλΛؚΉఏҊख๏ͷ֓ཁΛࣔ͢.
όοϑΝτϥΠ B ͔Β LOUDSτϥΠ͕ߏங͞ΕΔͱ͖,ಉ࣌ʹ, B ͷؚΉΩʔͷ
ू߹ʹରԠ͢ΔϒϧʔϜϑΟϧλ͕ੜ੒͞ΕΔ. ·ͨ, S ͕Ϛʔδ͞ΕΔͱ͖,ಉ࣌ʹ,
S ͷؚΉΩʔͷू߹ʹରԠ͢ΔϒϧʔϜϑΟϧλ͕ੜ੒͞ΕΔ. LOUDSτϥΠͱର
Ԡ͢ΔϒϧʔϜϑΟϧλ͸૊Έʹͯ͠؅ཧ͞ΕΔ.
ݕࡧ࣌͸, LOUDSτϥΠͷݕࡧʹઌཱͬͯ,ରԠ͢ΔϒϧʔϜϑΟϧλ͕νΣοΫ
͞Ε, ݁Ռِ͕ͳΒ͹ LODUSͷݕࡧ͸εΩοϓ͞ΕΔ. ݁Ռ͕ਅͰ͋Ε͹Ωʔؚ͕
·ΕΔՄೳੑ͕͋ΔͷͰ LOUDSτϥΠͷݕࡧΛߦ͏.
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4.4.1 ϒϧʔϜϑΟϧλͷαΠζ
ϒϧʔϜϑΟϧλ͸ͦͷαΠζͱਫ਼౓ͷؒʹτϨʔυΦϑͷؔ܎͕͋Δ. Ωʔͷ਺
ΛN ,ϒϧʔϜϑΟϧλͷϏοτྻͷαΠζΛm,ϋογϡଟॏ౓Λ kͱ͢Δͱ,mΛ
ఆΊͨͱ͖ʹ,ϒϧʔϜϑΟϧλͷِཅੑ֬཰Λ࠷খʹ͢Δ kΛٻΊΔ͜ͱ͕Ͱ͖Δ.
Li FanΒ [19]ʹΑΔͱ,ϋογϡؔ਺ͷিಥ͕ಠཱͰ͋ΔͱԾఆ͢Δͱ͖,ِཅੑ֬཰
͸͓Αͦ (1− e−kN/m)k Ͱද͞Ε,͜ΕΛ࠷খԽ͢Δϋογϡଟॏ౓͸ k = (m/N) ln 2
Ͱ͋Δ. ͜ΕΛجʹmΛఆΊΔͱ,ࣜ 4.2͕ಘΒΕΔ.
m =
k
ln 2
N ≈ 1.44kN (4.2)
͜ͷͱ͖ͷِཅੑ֬཰ p͸,ࣜ 4.3Ͱද͞ΕΔ.
p =
(
1
2
)k
(4.3)
ຊ࿦จͰ͸,ϒϧʔϜϑΟϧλͷϋογϡଟॏ౓ͷύϥϝʔλ k͔Β,ࣜ 4.2ʹΑͬ
ͯΩʔ਺ʹର͢ΔϏοτྻͷαΠζΛܾఆ͢Δ. ·ͨ,ࣜ 4.3ʹΑΓِཅੑ֬཰ pΛٻ
Ί,ݕࡧੑೳΛݟੵ΋Δ.
্هͷࣜʹैͬͯϒϧʔϜϑΟϧλͷαΠζΛܾఆ͢Δͱ,࣮ߦ͢Δ CPUʹΑͬͯ
͸৒༨ͷܭࢉ͕ॏͨ͘ͳΔ͜ͱ͕͋Δ. ͦ͜ͰຊݚڀͰ͸,࣮ߦ؀ڥʹԠͯ࣍͡ͷ 2छ
ྨͷ࣮૷Λબ୒ͯ͠ར༻͢Δ.
࣮૷ 1 ϏοτྻͷαΠζΛࣜ 4.2Λͦͷ··༻͍Δ.
࣮૷ 2 ϏοτྻͷαΠζΛࣜ 4.2ͰٻΊͨ஋ΑΓ΋େ͖͍,࠷΋খ͞ͳ 2ͷ΂͖৐ʹ
͢Δ. ϋογϡ஋ͷ༨৒Λ 1ճͷϏοτԋࢉͰܭࢉͰ͖Δ.
4.4.2 ϒϧʔϜϑΟϧλͷੑೳ
ද 4.4ʹϒϧʔϜϑΟϧλͷඞཁϝϞϦαΠζͱ௥Ճ/ݕࡧͷੑೳΛΛࣔ͢. ϒϧʔ
ϜϑΟϧλͷ࣮૷ 1Λ༻͍,ϋογϡଟॏ౓͸ 8ͱͨ͠. ͜ͷܭଌ݁ՌͰ͸,ϒϧʔϜ
ϑΟϧλͷݕࡧ͸ද 4.1ʹࣔͨ͠ϋογϡςʔϒϧͷ͏ͪ, ࠷΋ߴ଎ͳ Koyanagi HT
ΑΓ΋͞Βʹߴ଎Ͱ͋Δ. ·ͨ,ͦͷαΠζ͸ද 4.3ʹࣔͨ͠ LOUDSτϥΠΑΓ΋খ
͍͞. ຊݚڀͰ͸,ϒϧʔϜϑΟϧλΛ LOUDSτϥΠͷݕࡧͷߴ଎Խʹ༻͍Δ.
4.4.3 ϞσϧʹΑΔϒϧʔϜϑΟϧλͷݕࡧੑೳͷݟੵ΋Γ
ϒϧʔϜϑΟϧλΛ෇Ճ͢Δ͜ͱͰಘΒΕΔޮՌ͸,ݕࡧ଎౓ͷ޲্Ͱ͋Δ. ಛʹ,
ݕࡧର৅ͱ͢΂͖ LOUDSτϥΠͷݸ਺ΛߜΓࠐΉ͜ͱʹΑͬͯ,શମͷ LOUDSτ
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ϥΠͷ਺͕૿͑ͨ৔߹Ͱ΋,ݕࡧ଎౓ͷ௿Լ͕؇΍͔ʹͳΔ͜ͱ͕ظ଴͞ΕΔ. ͦͷޮ
ՌΛ஌ΔͨΊʹ,·ͣ,ϒϧʔϜϑΟϧλ͕ແ͍৔߹ͱ͋Δ৔߹ͷͦΕͧΕʹ͍ͭͯ,
Ωʔؚ͕·ΕΔ৔߹ͱؚ·Εͳ͍৔߹ʹ෼͚ͯݕࡧ࣌ؒΛٻΊΔ. ҎԼͰ͸, LOUDS
τϥΠͷݸ਺ΛM ͱ͠,͋ΔΩʔจࣈྻ q ͷݕࡧΛߦ͏ͱ͢Δ. ·ͨ,Ωʔ͸Ұ౓ͩ
͚ग़ݱ͠,Ͳͷ LOUDSτϥΠʹ΋ॏෳ͸ؚ·Ε͍ͯͳ͍ͱ͢Δ.
·ͣ,ϒϧʔϜϑΟϧλ͕ແ͍৔߹, q͕͍ͣΕ͔ͷΩʔू߹ʹؚ·Ε͍ͯͯ,Ͳͷू
߹ʹؚ·ΕΔ֬཰΋౳͍͠ͱ͢Δͱ,Ωʔ͕ݟ͔ͭΔ·Ͱʹݕࡧ͢Δ LOUDSτϥΠ
ͷ਺͸ 1ݸ͔ΒM ݸ·Ͱ౳͍֬͠཰Ͱൃੜ͢Δ. ͜ͷͱ͖,ݕࡧ͢Δ LOUDSτϥΠ
ͷ਺ͷظ଴஋͸ 1͔ΒM ·Ͱͷ߹ܭΛM Ͱׂͬͨ਺, (M + 1)M/2M = (M + 1)/2
Ͱ͋Γ,ͦΕͧΕͷ LOUDSτϥΠΛݕࡧ͢Δ࣌ؒΛ CLͱ͢Δͱ,ݕࡧ࣌ؒͷظ଴஋
͸ CL(M + 1)/2ͱܭࢉͰ͖Δ.
q ͕ͲͷΩʔू߹ʹ΋ؚ·Ε͍ͯͳ͍৔߹ʹ͸,ৗʹશͯͷ LOUDSτϥΠ͕୳ࡧ
͞Ε,ݕࡧ͞ΕΔ LOUDSτϥΠͷ਺ͷظ଴஋͸M ͱ౳͘͠ͳΔ. ैͬͯ,ݕࡧ࣌ؒ
ͷظ଴஋͸ CLM Ͱ͋Δ.
࣍ʹ,ϋογϡଟॏ౓ kͷϒϧʔϜϑΟϧλ෇͖ LOUDSτϥΠͷܭࢉ࣌ؒΛٻΊ
Δ. ϒϧʔϜϑΟϧλ͕͋Δ৔߹ʹ͸, qؚ͕·Ε͍ͯͳ͍Ωʔू߹Λௐ΂Δ৔߹ͷِ
ཅੑ֬཰ pΛՃຯ͢Δඞཁ͕͋Δ.
q ͕͍ͣΕ͔ͷΩʔू߹ʹؚ·ΕΔͳΒ͹, ࠷ޙʹݕࡧ͞ΕΔϒϧʔϜϑΟϧλ
͸ඞͣਅΛฦ͢. ͦͷલʹݕࡧ͞ΕΔϒϧʔϜϑΟϧλͷِཅੑ֬཰͸ (1/2)k Ͱ
͋Γ, ͜ͷ֬཰Ͱ LOUDS τϥΠ͕ݕࡧ͞ΕΔՄೳੑ͕͋Δ. ैͬͯ, ݕࡧ͞ΕΔ
LOUDSτϥΠͷ਺ͷظ଴஋͸ ((M + 1)/2− 1)(1/2)k + 1ͱͳΓ,ݕࡧ࣌ؒͷظ଴஋
͸ CL((M + 1)/2− 1)(1/2)k + CL ͱͳΔ. ͳ͓,ϒϧʔϜϑΟϧλΛݕࡧ͢Δݕࡧ࣌
ؒ CF ͸,࣮ଌͰ໿ 0.30µs (ද 4.4 NHTSAΑΓ)Ͱ͋Γ, LOUDSτϥΠͷݕࡧ࣌ؒ CL
(໿ 10.0µs,ද 4.6 NHTSAΑΓ)ʹରͯ͠খ͍ͨ͞Ί,͜͜Ͱ͸ແࢹ͍ͯ͠Δ. ͜ΕΒ
ͷܭଌ஋͸,ҎԼͷ؀ڥͰଌఆͨ͠:
• 2.2GHz Dual core Opteron 275 ×2, 2nd cache 2MB
• PC3200 RAM 4GB
• 750GB SATA 7200rpm ×2
ද 4.4: ϒϧʔϜϑΟϧλͷඞཁϝϞϦαΠζͱ putͱ getͷεϧʔϓοτ
NHTSA kakaku.com reuters.com
size put get size put get size put get
(MB) (M/s) (M/s) (MB) (M/s) (M/s) (MB) (M/s) (M/s)
Bloom Filter 9.0 1.95 3.31 26 2.50 4.71 8.8 2.40 5.24
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ਤ 4.10: LOUDSτϥΠͷݸ਺ͱݕࡧ଎౓ͷؔ܎ (Ϟσϧ)
• Windows 2003 Server Standard x64 Edition Service Pack 2
• Java version 1.7.0, IBM J9 VM (JIT enabled, AOT enabled).
q ͕ͲͷΩʔू߹ʹ΋ؚ·Ε͍ͯͳ͍৔߹, ݕࡧ͞ΕΔ LOUDSτϥΠͷ਺ͷظ଴
஋͸M(1/2)k Ͱ͋Δ. ِཅੑ֬཰͕খ͍͞ͱ,͜ͷظ଴஋͕ඇৗʹখ͍͞৔߹͕͋Δ
ͨΊ,͜͜Ͱ͸,ϒϧʔϜϑΟϧλΛݕࡧ͢Δݕࡧ࣌ؒ CF ΛՃຯ͢Δ. ৗʹશͯͷϒ
ϧʔϜϑΟϧλ͕ݕࡧ͞ΕΔͨΊ, CFM ͕ݕࡧ࣌ؒͷظ଴஋ʹՃࢉ͞Ε,ݕࡧ࣌ؒͷ
ظ଴஋͸ CLM(1/2)k + CFM ͱͳΔ.
ਤ 4.10͸,͜͜·ͰʹٻΊͨܭࢉࣜʹ,ܭଌͯ͠ٻΊͨ CL ͱ CF Λ౰ͯ͸Ίͯ,ݕ
ࡧ࣌ؒͷٯ਺,͢ͳΘͪ,ݕࡧ଎౓ΛऔͬͯάϥϑΛඳ͍ͨ݁ՌͰ͋Δ. Existent, Non-
existent͸ͦΕͧΕϒϧʔϜϑΟϧλ͕ແ͘,Ωʔ͕ू߹ʹؚ·ΕΔ৔߹ͱؚ·Εͳ͍
৔߹, Existent/BFͱ Non-existent/BF͸ϒϧʔϜϑΟϧλ͕͋Δ৔߹ͷΩʔؚ͕·ΕΔ
৔߹ͱؚ·Εͳ͍৔߹Ͱ͋Δ. LOUDSτϥΠ͸શೖྗ (֤ࢼߦͰҰఆ)Λ౳෼ͨ͠਺
ͷೖྗΛอ࣋͠,όοϑΝ͸ۭͰ͋ΔͱԾఆ͍ͯ͠Δ. ԣ࣠͸ݕࡧର৅ͱͳΔ LOUDS
τϥΠͷݸ਺Λࣔ͠, όοϑΝ͸ݸ਺ʹؚ·Εͳ͍. ॎ࣠͸ݕࡧ଎౓Λϩάεέʔϧ
Ͱࣔ͢.
͜ͷϞσϧ͔Β,ݕࡧΩʔ͕͍ͣΕ͔ͷ LOUDSτϥΠʹؚ·ΕΔ࣌ʹ͸,ఏҊख๏
ʹΑͬͯ, LOUDSτϥΠͷݸ਺͕૿͑ͨ৔߹ʹ΋ݕࡧ଎౓ͷ௿Լ͕཈͑ΒΕΔ͜ͱ͕
ظ଴͞ΕΔ. ·ͨ,ݕࡧΩʔ͕Ͳͷ LOUDSʹ΋ؚ·Εͳ͍৔߹ʹ͸,୯Ұͷ LOUDS
τϥΠͷݕࡧ଎౓Λ௒͑ͯߴ͍ੑೳΛࣔ͢͜ͱ͔Β,৽نΩʔʹΑΔݕࡧ͕ଟ͘ൃੜ
͢Δ৔߹ʹ͸,શମͷੑೳΛߴΊΔՄೳੑ΋͍ࣔࠦͯ͠Δ.
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4.4.4 ϒϧʔϜϑΟϧλͷϋογϡ஋ͷܭࢉํ๏
ຊઅͰ͸෯༏ઌ૸ࠪʹΑͬͯϒϧʔϜϑΟϧλΛੜ੒͢Δํ๏Λࣔ͢. ຊख๏͸
LOUDSτϥΠΛߏங͢Δࡍͷ෯༏ઌ૸ࠪʹ૊ΈࠐΉ͜ͱ͕Ͱ͖Δ.
·ͣ, Ωʔจࣈྻ s ͷϋογϡ஋ͷܭࢉํ๏ΛఆΊΔ. si Λ s ͷ i ൪໨ͷจࣈ, P
Λจࣈͷछྨͷ਺ʹ͍ۙૉ਺ (ྫ͑͹ 131)ͱͯ͠,ϋογϡ஋ hΛҎԼͷΑ͏ʹܭࢉ
͢Δ:
h← 0
for i = 0 to i < |s| do
h← h · P + si
end for
෯༏ઌ૸ࠪͰ, τϥΠ໦ʹؚ·ΕΔจࣈྻͷϋογϡ஋Λܭࢉ͢Δʹ͸, ϊʔυΛ
๚ΕΔͨͼʹ,ͦΕͧΕͷจࣈྻͷϋογϡதؒ஋ hΛߋ৽͢Ε͹ྑ͍. ͨͩ͠,શͯ
ͷจࣈྻͷϋογϡ஋Λฒߦͯ͠ܭࢉ͢Δ͜ͱʹͳΔͨΊɼࢬ෼͔Ε֤ͨ͠ϊʔυʹ
ϋογϡதؒ஋Λอ࣋͢Δม਺ n.hΛ༻ҙ͢Δඞཁ͕͋Δ. τϥΠ໦ͷߏ଄͔Β, ڞ
௨઀಄ࣙͷϋογϡதؒ஋͸ڞ༗͞ΕΔ.
ߏங͢Δ LOUDSτϥΠʹ͍ͭͯ, “0”ϏοτͰॳظԽ͞Εͨ௕͞ lͷϏοτྻ BF
Λ༻ҙ͠,෯༏ઌ૸ࠪͷ visit(p, n)ͰҎԼͷܭࢉΛߦ͏: n.h← p.h ·P +alphabet(n).
ͨͩ͠, n͕ϧʔτϊʔυͷ৔߹͸, n.h← 0ͱ͢Δ. ·ͨ, n͕ࢠΛ࣋ͨͳ͍ͳΒ, n.h
͸ٻΊΔϋογϡ஋ͱͳΓ, BFͷ n.h mod l൪໨ͷϏοτΛ “1”ʹ͢Δ. ͜͏ͯ͠࡞
ΒΕΔϏοτྻ BF͕ߏங͢Δ LOUDSτϥΠͷϒϧʔϜϑΟϧλͱͳΔ.
࣮ࡍͷϒϧʔϜϑΟϧλͰ͸,ͻͱͭͷΩʔʹରͯ͠ෳ਺ͷϋογϡ஋͕ܭࢉ͞Ε
Δ. ্هΞϧΰϦζϜͰ,ෳ਺ͷϋογϡؔ਺Λ࣮ݱ͢Δʹ͸,தؒͷܭࢉ݁Ռ n.hΛ
഑ྻʹ͠, ҟͳΔ P Λ༻͍ͯ, ͦΕͧΕϋογϡ஋Λܭࢉ͢Ε͹ྑ͍. จࣈྻͷϋο
γϡ஋ʹ͸͞·͟·ͳܭࢉํ๏͕͋Δ͕,จࣈྻͷઌ಄ͷจࣈ͔Βஞ࣍తʹϋογϡ
஋Λܭࢉ͢Δํ๏Ͱ͋Ε͹,ຊख๏ͱಉ༷ʹ෯༏ઌ૸ࠪͰશΩʔͷϋογϡ஋Λܭࢉ
Ͱ͖Δ.
4.5 Ծ૝ϊʔυʹΑΔLOUDSτϥΠͷϚʔδ
͜ͷઅͰ͸,ఏҊ͢Δ LOUDSτϥΠͷߏஙͱϚʔδͷΞϧΰϦζϜΛࣔ͢. ·ͨ,
ͦΕΒͱಉ࣌ʹ࣮ߦ͞ΕΔϒϧʔϜϑΟϧλͷߏஙํ๏ʹ͍ͭͯ΋ड़΂Δ.
2ͭͷ LOUDSτϥΠΛϚʔδ͢ΔͨΊʹ͸,ͦΕΒͷ࣋ͭΩʔͷ࿨ू߹ΛٻΊ,ͦ
ͷΩʔू߹͔Β৽ͨͳ LOUDSτϥΠΛ࡞Δ͜ͱ͕ඞཁʹͳΔ. Ωʔͷ࿨ू߹ΛٻΊ
ΔͨΊͷૉ๿ͳํ๏ͱͯ͠͸,Ұ౓,྆ऀͷΩʔΛதؒόοϑΝͱͳΔτϥΠ໦ Bmʹ
֨ೲ͠, Bm Λ૸ࠪͯ͠ LOUDSτϥΠΛߏங͢Ε͹Α͍.
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͔͠͠,͜ͷํ๏Ͱ͸,தؒόοϑΝBmʹେ͖ͳྔͷϝϞϦ͕ඞཁʹͳΓ, LOUDS
τϥΠʹΑΔϝϞϦઅ໿ͷޮՌΛଧͪফͯ͠͠·͏. ·ͨ, શͯͷΩʔΛͦΕͧΕͷ
LOUDSτϥΠ͔ΒऔΓग़ͨ͠ޙ, தؒόοϑΝͱͳΔτϥΠ໦ Bm Λ૸ࠪ͢Δ࣌ؒ
͕ඞཁʹͳΔ. ͔͠͠தؒόοϑΝΛ࢖Θͳ͍ϚʔδͷΞϧΰϦζϜ͸ෳࡶʹͳΔ.
ຊݚڀͰ͸,Ծ૝ϊʔυʹΑͬͯ,ෳ਺ͷ LOUDSτϥΠΛԾ૝తʹ 1ͭͷ LOUDS
τϥΠͱͯ͠ѻ͑ΔΑ͏ʹ͠, ؆ܿͳΞϧΰϦζϜͰϚʔδΛՄೳʹ͢Δ. ͞Βʹ,
4.4.4߲ʹࣔͨ͠ख๏Λ,Ϛʔδͷ૸ࠪʹ૊ΈࠐΈ,Ϛʔδͱಉ࣌ʹϒϧʔϜϑΟϧλ
Λੜ੒͢Δ.
4.5.1 தؒόοϑΝΛ༻͍ͳ͍ෳࡶͳϚʔδ
Ծ૝ϊʔυΛ༻͍ͨϚʔδख๏Λઆ໌͢Δ४උͱͯ͠, ຊ߲Ͱ͸, ໰୊ͱͳΔதؒ
όοϑΝΛ༻͍ͳ͍ෳࡶͳϓϩάϥϜͷྫΛࣔ͢.
தؒόοϑΝΛ༻͍ͣʹ,ෳ਺ͷτϥΠ໦ΛϚʔδ͢Δʹ͸,Ϛʔδ͢Δෳ਺ͷτϥ
Π໦͔Βಉ࣌ʹϊʔυΛऔΓग़͠,ͦΕΒΛιʔτॱΛߟྀͯ͠ൺֱ͠ͳ͕Β૸ࠪΛ
ߦ͏ඞཁ͕͋Δ. ͦͷͨΊ, ෳ਺ͷτϥΠ໦ΛϚʔδ͢ΔϓϩάϥϜ͸ඇৗʹෳࡶʹ
ͳΔ.
ͦͷΞϧΰϦζϜΛҎԼʹࣔ͢. ͜ͷΞϧΰϦζϜͰ, T1, T2͸Ϛʔδ͢Δ 2ͭͷτ
ϥΠ໦, n1, p1,͓Αͼ r1͸ T1ͷϊʔυ, n2, p2,͓Αͼ r2͸, T2ͷϊʔυΛද͢. ·ͨ,
⟨n1, n2⟩͸ 2ͭͷτϥΠ໦͔ΒऔΓग़ͨ͠ϊʔυ n1, n2 ͷ૊ΈΛද͢.
Require: r1 ← root nood of T1, r2 ← root node of T2
q ← {⟨r1, r2⟩}
visit(⟨∅, ∅⟩, ⟨r1, r2⟩)
while |q| ̸= 0 do
⟨p1, p2⟩ ← q.dequeue()
if p1 ̸= ∅ ∧ p2 ̸= ∅ then
if alphabet(p1) = alphabet(p2) then
⟨n1, n2⟩ ← ⟨firstChild(p1), firstChild(p2)⟩
else if alphabet(p1) < alphabet(p2) then
⟨n1, n2⟩ ← ⟨firstChild(p1), ∅⟩
else if alphabet(p1) > alphabet(p2) then
⟨n1, n2⟩ ← ⟨∅, firstChild(p2)⟩
end if
else if p1 ̸= ∅ ∧ p2 = ∅ then
⟨n1, n2⟩ ← ⟨firstChild(p1), ∅⟩
else if p1 = ∅ ∧ p2 ̸= ∅ then
⟨n1, n2⟩ ← ⟨∅, firstChild(p2)⟩
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end if
while n1 ̸= ∅ ∨ n2 ̸= ∅ do
q.enqueue(⟨n1, n2⟩)
visit(⟨p1, p2⟩, ⟨n1, n2⟩)
if n1 ̸= ∅ ∧ n2 ̸= ∅ then
if alphabet(n1) = alphabet(n2) then
⟨n1, n2⟩ ← ⟨sibling(n1), sibling(n2)⟩
else if alphabet(n1) < alphabet(n2) then
⟨n1, n2⟩ ← ⟨sibling(n1), n2⟩
else if alphabet(n1) > alphabet(n2) then
⟨n1, n2⟩ ← ⟨n1, sibling(n2)⟩
end if
else if n1 ̸= ∅ ∧ n2 = ∅ then
⟨n1, n2⟩ ← ⟨sibling(n1), ∅⟩
else if n1 = ∅ ∧ n2 ̸= ∅ then
⟨n1, n2⟩ ← ⟨∅, sibling(n2)⟩
end if
end while
end while
4.5.2 Ծ૝ϊʔυʹΑΔϚʔδ
ຊݚڀͰ͸,Ϛʔδ͞ΕΔ 2ͭͷ LOUDSτϥΠΛ͔͋ͨ΋ 1ͭͷ LOUDSτϥΠ
Ͱ͋Δ͔ͷΑ͏ʹૢ࡞Ͱ͖ΔΑ͏ʹ͢Δ. ͜ͷΑ͏ͳૢ࡞Λ࣮ݱ͢ΔͨΊʹ, 2 ͭͷ
LOUDSτϥΠʹڞ௨͢ΔϊʔυΛ·ͱΊΔԾ૝తͳϊʔυΛಋೖ͢Δ. ຊ࿦จͰ͸,
͜ͷϊʔυΛԾ૝ϊʔυͱݺͿ. Ծ૝ϊʔυM(n1, n2)ͱ͸, 2ͭͷτϥΠ໦ͷڞ௨ͷ
઀಄ࣙΛ࣋ͭϊʔυ n1, n2 Λอ࣋͠,ͦΕΒΛϚʔδͨ͠ϊʔυΛද͢ΦϒδΣΫτ
Ͱ͋Δ.
Ծ૝ϊʔυM ͸,Ϛʔδ͞Εͨϊʔυʹରͯ͠,௨ৗͷϊʔυͱಉ౳ͷΠϯλϑΣʔ
εΛఏڙ͢ΔͨΊ,M ʹΑͬͯϚʔδ͞ΕͨτϥΠ໦ʹରͯ͠,Ωʔͷݕࡧ΍෯༏ઌ
૸ࠪΛ୯ಠͷτϥΠ໦ͱಉ༷ʹߦ͏͜ͱ͕Ͱ͖Δ. LOUDSτϥΠͷϚʔδ͸, M ʹ
ΑΔԾ૝తͳϚʔδ໦ʹର͢Δ෯༏ઌ૸ࠪʹΑͬͯ,৽͍͠ LOUDSτϥΠΛߏங͢
Δ͜ͱͰߦΘΕΔ.
4.5.1߲Ͱࣔͨ͠ 2ͭͷτϥΠ໦ΛϚʔδ͠ͳ͕Β෯༏ઌ૸ࠪΛߦ͏ϓϩάϥϜ͸
35 εςʔτϝϯτͰ͋ͬͨ. ͜ͷϓϩάϥϜͰ͸ 2 ͭͷτϥΠ໦Λѻ͕ͬͨ, ೚ҙ
ͷ਺ͷτϥΠ໦ΛϚʔδ͢ΔϓϩάϥϜ͸͞Βʹෳࡶͳهड़Λཁ͢Δ. ఏҊख๏ͷԾ
૝ϊʔυΛར༻͢Δ৔߹,Ϛʔδͨ͠τϥΠ໦ʹରԠ͢Δ෯༏ઌ૸ࠪͷϓϩάϥϜ͸,
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4.3.4߲ͷϓϩάϥϜͱಉ͡ʹͳΓ, 11εςʔτϝϯτͰදݱͰ͖Δ. ͜Ε͸,೚ҙͷ
τϥΠ໦ΛϚʔδ͢Δ৔߹Ͱ΋ಉ༷Ͱ͋Δ. Ծ૝ϊʔυ͕௨ৗͷϊʔυͱಉ౳ͷΠϯ
λϑΣʔεΛఏڙ͢ΔͨΊ,෯༏ઌ૸ࠪ, LOUDSτϥΠͷߏங,͓Αͼ,ϒϧʔϜϑΟ
ϧλͷߏஙϓϩάϥϜ͸,Ϛʔδ໦͔൱͔ʹ͔͔ΘΒͣશͯڞ௨ԽͰ͖Δ.
4.5.3 Ծ૝ϊʔυͷૢ࡞
4.3.4߲Ͱड़΂ͨΑ͏ʹ, LOUDSτϥΠΛ૸ࠪ͢ΔͨΊʹ͸ firstChild(n), sibling(n),
͓Αͼ alphabet(n)ͱ͍͏ 3ͭͷجຊૢ࡞Λఏڙ͢Ε͹Α͍. ͜ΕʹՃ͑ͯ,τϥΠ໦
ͱͯ͠ͷ৚݅Λຬͨͨ͢Ίʹ,શͯͷϊʔυͷࢠͷྻ͕ΞϧϑΝϕοτॱʹιʔτ͞
Ε͍ͯΔඞཁ͕͋Δ.
2 ͭͷτϥΠ໦ T1, T2 ͷڞ௨઀಄ࣙΛ࣋ͭϊʔυ n1, n2 ΛϚʔδͨ͠ϊʔυΛ
M(n1, n2)ͱ͢Δͱ͖,ΞϧϑΝϕοτॱͷ৚݅Λຬͨ͢ʹ͸, n1ͷࢠͷྻͱ, n2ͷࢠ
ͷྻΛϚʔδιʔτͯ͠, M(n1, n2)ͷࢠͷྻͱ͢Ε͹ྑ͍. ͜ΕΛ,ϧʔτΛؚΉશ
ͯͷڞ௨઀಄ࣙΛ࣋ͭ 2ͭͷϊʔυʹ͍ͭͯߦ͏ͱ, T1, T2 ΛϚʔδͨ͠໦ Tm ͕ಘ
ΒΕΔ.
ϚʔδιʔτͷৼΔ෣͍Λ, M Λ࢖ͬͯ෯༏ઌ૸ࠪʹ૊ΈࠐΉ͜ͱ͕Ͱ͖Δ. ද
4.5ʹ, n1 ͱ n2 ͷࢠΛϚʔδ͢Δ M(n1, n2) ʹର͢Δ 3ͭͷૢ࡞, firstChild, sibling,
alphabetΛ n1, n2ʹର͢Δૢ࡞ʹΑͬͯఆٛ͢Δ. ͳ͓,ศٓతʹ,೚ҙͷΞϧϑΝϕο
τ αʹରͯ͠ alphabet(∅) > αͰ͋Δͱ͢Δ.
T1, T2ͷϧʔτϊʔυΛ r1, r2ͱ͢Δͱ,M(r1, r2)ʹΑͬͯ, T1, T2ΛϚʔδ͢Δτ
ϥΠ໦ Tm ͷϧʔτϊʔυ͕ಘΒΕΔ. Tm ʹରͯ͠ 4.3.5߲ͷΞϧΰϦζϜΛ࣮ߦ͢
Δ͜ͱͰ, T1 ͱ T2 ΛϚʔδͨ͠ LOUDSτϥΠ͕ߏங͞ΕΔ.
ද 4.5: Ծ૝ϊʔυͷૢ࡞
firstChild(M(n1, n2)) → M(firstChild(n1), firstChild(n2))
when alphabet(n1) = alphabet(n2)
firstChild(n1) when alphabet(n1) < alphabet(n2)
firstChild(n2) when alphabet(n1) > alphabet(n2)
sibling(M(n1, n2)) → M(sibling(n1), sibling(n2))
when alphabet(n1) = alphabet(n2)
M(sibling(n1), n2) when alphabet(n1) < alphabet(n2)
M(n1, sibling(n2)) when alphabet(n1) > alphabet(n2)
alphabet(M(n1, n2)) → min(alphabet(n1), alphabet(n2))
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4.6 ΦϯϥΠϯ LODUSτϥΠ୯ମͷੑೳ
͜͜Ͱ͸, 4.3અ, 4.4અ, ͓Αͼ 4.5અͰઆ໌ͨ͠, ίϯύΫτͳσʔλߏ଄ͱͯ͠
ͷΦϯϥΠϯ LOUDSτϥΠ୯ମͷੑೳΛܭଌ͢Δ. 4.2અͰࣔͨ͠ଞͷσʔλߏ଄
ͱൺֱ͢ΔͨΊʹ, JavaͰ࣮૷Λߦ͍,ಉ͡৚݅ͱख๏ͰܭଌΛߦ͏.
·ͨ, 4.3.4߲͓Αͼ 4.3.5߲ͷख๏Λ༻͍࣮ͯ૷ͨ͠੩తͳ LOUDSτϥΠͷੑೳ
΋ܭଌ͢Δ. ੩తͳ LOUDSτϥΠͷϝϞϦ࢖༻ྔʹ͸όοϑΝʹඞཁͳϝϞϦ͸ؚ
·ͳ͍.
ද 4.6 ʹͦͷܭଌ݁ՌΛࣔ͢. ΦϯϥΠϯ LOUDS τϥΠ୯ମ (ΦϯϥΠϯ) ͱ੩
తͳ LOUDS τϥΠ (੩త) ͱൺֱ͢Δͱ, ࢖༻ϝϞϦྔ͸໿ 123% (NHTSA) ͔Β໿
126% (kakaku.com), ·ͨ, putੑೳ͸໿ 33% (kakaku.com)͔Β 84% (reuters.com), get
ੑೳ͸໿ 97% (kakaku.com)͔Β໿ 113% (NHTSA)Ͱ͋Δ.
ΦϯϥΠϯ LOUDSτϥΠ୯ମ͸, LOUDSτϥΠͷαΠζʹՃ͑ͯϒϧʔϜϑΟϧ
λ΍όοϑΝτϥΠͷ࢖༻ϝϞϦ͕௥Ճ͞ΕΔͨΊ,੩తͳ LOUDSτϥΠΑΓ΋࢖
༻ϝϞϦྔ͸ଟ͘ͳΔ. ϒϧʔϜϑΟϧλͷޮՌʹΑΓ, getʹؔͯ͠͸੩తͳ LOUDS
τϥΠͷੑೳʹରͯ͠େ͖ͳ͕ࠩͳ͍. LOUDSτϥΠͷϚʔδͳͲʹΑΓ, putੑೳ
͸੩తͳ LOUDSτϥΠΑΓ΋௿͘ͳΔ.
ಉ༷ʹϋογϡςʔϒϧͱൺֱ͢Δͱ,࢖༻ϝϞϦྔ͸໿ 21% (reuters.com)͔Β໿
35% (NHTSA)Ͱ͋Δ. putੑೳ͸ 13% (reuters.com)͔Β 21 %(NHTSA)Ͱ͋Δ. getੑ
ೳ͸ 3.5% (NHTSA)͔Β 6.5% (kakaku.com)Ͱ͋Δ.
4.7 ߴ଎ͳσʔλߏ଄ͱ૊Έ߹ΘͤͨOLT1શମͷಈ࡞
4.1અͰड़΂ͨΑ͏ʹ, OLT1Ͱ͸ߴ଎ͳσʔλߏ଄ͱίϯύΫτͳσʔλߏ଄Λ૊
Έ߹Θͤͯ༻͍Δ. ਤ 4.11ʹ OLT1શମͷ֓ཁΛࣔ͢.
ද 4.6: ϋογϡςʔϒϧ,੩త LOUDSτϥΠ,͓ΑͼΦϯϥΠϯ LOUDSτϥΠͷ
࢖༻ϝϞϦྔͱεϧʔϓοτ (put, get)
NHTSA kakaku.com reuters.com
size put get size put get size put get
(MB) (M/s) (M/s) (MB) (M/s) (M/s) (MB) (M/s) (M/s)
LOUDSτϥΠ
੩త 60 0.70 0.10 184 0.94 0.31 65 0.31 0.24
ΦϯϥΠϯ 73 0.28 0.11 233 0.31 0.30 82 0.26 0.23
Koyanagi HT 345 1.55 3.22 764 1.88 4.63 237 1.99 4.65
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ਤ 4.11: ΦϯϥΠϯ LOUDSτϥΠߏஙख๏ OLT1
ߴ଎ͳσʔλߏ଄ͱͯ͠͸ϋογϡςʔϒϧΛ༻͍Δ. ίϯύΫτͳσʔλߏ଄ͱ
ͯ͠͸ 4.3અ͔Β 4.5અͰड़΂ͨϒϧʔϜϑΟϧλ෇͖ͷΦϯϥΠϯ LOUDSτϥΠ
Λ༻͍Δ. ϋογϡςʔϒϧ͸ΦϯϥΠϯ LOUDSτϥΠͷΩϟογϡͱͯ͠ಈ࡞͢
Δ. ϋογϡςʔϒϧͷαΠζ͸, 4.1અࣜ 4.1ʹࣔͨ͠Α͏ʹ,࢖༻ՄೳϝϞϦྔM
Λͪΐ͏Ͳ࢖͍੾ΔΑ͏ʹܾఆ͢Δ.
ϋογϡςʔϒϧΛ૊Έ߹Θͤͨ OLT1શମͷݕࡧखॱ͸ҎԼͷΑ͏ʹͳΔ. ·ͣ,
ϋογϡςʔϒϧΛݕࡧ͢Δ. ͜͜ͰΩʔ͕ݟ͔ͭΕ͹,ͦͷ஋Λݕࡧ݁Ռͱͯ͠ฦ͢.
ݟ͔ͭΒͳ͚Ε͹, 4.4અʹࣔͨ͠खॱʹैͬͯݕࡧΛߦ͏. Ωʔ͕ݟ͔ͭΕ͹,Ωʔ
ͱ஋ͷ૊Λϋογϡςʔϒϧʹ֨ೲ͠, ஋Λݕࡧ݁Ռͱͯ͠ฦ͢. ࠷ޙ·Ͱݟ͔ͭΒ
ͳ͚Ε͹,݁Ռ͕ͳ͍͜ͱΛࣔ͢ ∅Λฦ͢.
·ͨ,ϋογϡςʔϒϧΛؚΉ OLT1શମʹର͢Δจࣈྻͱ஋Λ֨ೲ͢Δखॱ͸Ҏ
ԼͷΑ͏ʹͳΔ. ݕࡧʹΑΔ݁Ռ͕ ∅Ͱ͋ͬͨ࣌,ೖྗ͞Εͨจࣈྻͱ஋ͷ૊͸,৽ن
ΤϯτϦͱͯ͠ϋογϡςʔϒϧʹ֨ೲ͞ΕΔ. ϋογϡςʔϒϧʹจࣈྻͱ஋ͷ૊
Λ֨ೲͨ݁͠Ռ,ϋογϡςʔϒϧͷαΠζ͕ࣄલͷݟੵΓʹجͮ͘MH ʹۙͮ͘ͱ,
Ωϟογϡஔ͖׵͑ΞϧΰϦζϜʹΑͬͯϋογϡςʔϒϧ͔Βจࣈྻ͕ഉআ͞ΕΔ
(Evict). ৽نΤϯτϦ͕ഉআ͞Εͨ৔߹ʹ͸, 4.4અͷखॱʹैͬͯόοϑΝʹ֨ೲ͞
Ε,Ұఆͷೖྗ͝ͱʹ LOUDSτϥΠʹม׵ɾϚʔδ͞ΕΔ.
ຊݚڀͰ͸,Ωϟογϡஔ͖׵͑ΞϧΰϦζϜͱٖͯ͠ࣅ LRUΛ༻͍Δ. ͜Ε͸,࠷
ۙ࢖༻͞ΕͨΩʔʹϑϥάΛཱͯ,ΩʔΛഉআ͢Δͱ͖ʹϑϥάͷͳ͍΋ͷΛબ୒͢
Δ΋ͷͰ͋Δ.
ຊݚڀͷ૝ఆ͢ΔΞϓϦέʔγϣϯͷΑ͏ʹ,ग़ݱස౓෼෍ʹେ͖ͳภΓͷ͋Δσʔ
ληοτΛ֨ೲ͢Δ৔߹ʹ͸,ٖࣅ LRUͷΑ͏ͳ୯७ͳΞϧΰϦζϜͰ΋ߴ͍ώοτ
཰͕ಘΒΕΔ. ͜ͷΑ͏ͳ৔߹, 2Q [35]΍ ARC [48]ͳͲͷෳࡶͳΩϟογϡஔ͖׵
͑ΞϧΰϦζϜΛ༻͍ΔΑΓ΋,ٖࣅ LRUͷΑ͏ͳϝϞϦޮ཰͕ྑ͘,ܭࢉෛՙͷখ
͞ͳΞϧΰϦζϜ͕ద͍ͯ͠Δ.
ϋογϡςʔϒϧʹׂΓ౰ͯΔϝϞϦͷαΠζ͸, 4.1અͰड़΂ͨΑ͏ʹ,ར༻Մೳ
ϝϞϦͷαΠζ͔Β LOUDS τϥΠͰඞཁͳϝϞϦαΠζΛࠩ͠Ҿ͘͜ͱͰܾఆ͢
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Δ. 3ষͰड़΂ͨΑ͏ʹ,ຊݚڀ͕ର৅ͱ͢ΔΞϓϦέʔγϣϯ͸,܁Γฦ࣮͠ߦ͞Ε
Δ͜ͱ͕ଟ͍. ͦͷ৔߹, LOUDSτϥΠͰඞཁͳϝϞϦαΠζ͸,௚લͷ࣮ߦ݁Ռ͔
Βਪܭ͢Δ͜ͱ͕Ͱ͖Δ. ࠷ॳʹ࣮ߦ͢Δ࣌ʹ͸, ϋογϡςʔϒϧʹ͸อकతͳα
ΠζͷϝϞϦΛׂΓ౰ͯΔ. ͦͷଞʹ, ϥϯμϜαϯϓϦϯάͰ LOUDSτϥΠΛߏ
ங͠,ඞཁͳϝϞϦαΠζΛݟੵ΋Δํ๏΋ߟ͑ΒΕΔ.
4.8 ϞσϧʹΑΔ OLT1ͷੑೳධՁ
ຊઅͰ͸, OLT1ͷεϧʔϓοτΛܭࢉ͢ΔϞσϧΛࣔ͠,ͦΕΛ༻͍ͯ OLT1ͷε
ϧʔϓοτΛݟੵ΋Δ. OLT1ͷεϧʔϓοτ͸࢖༻͢Δσʔλߏ଄ͷੑ࣭ͱॲཧ͢
Δσʔληοτͷੑ࣭ͷ྆ํ͕ؔ܎ܾͯ͠·Δ. ͜ͷઅͰ͸,࣍ͷ 2ͭͷؔ܎ΛϞσϧ
Λ༻͍ͯ໌Β͔ʹ͢Δ:
1. ૊Έ߹ΘͤΔσʔλߏ଄ͷੑ࣭ͱεϧʔϓοτͷؔ܎
2. ೖྗจࣈྻͷग़ݱස౓෼෍ͱεϧʔϓοτͷؔ܎
͜ΕΒͷؔ܎͸,֨ೲ͢Δจࣈྻͷ਺ʹରͯ͠εϧʔϓοτΛฦؔ͢਺Ͱද͞ΕΔ.
͜ͷؔ਺͸σʔλߏ଄΍σʔληοτʹؔ͢ΔύϥϝʔλΛऔΔ. ͜ͷؔ਺ʹ OLT1
ͱൺֱର৅ͱͳΔσʔλߏ଄ͷύϥϝʔλ,͓Αͼ,ਓ޻తͳग़ݱස౓෼෍Λ࣋ͭσʔ
ληοτͷύϥϝʔλΛ౰ͯ͸Ί,֨ೲ͢Δจࣈྻͷ਺ΛมԽͤͨ࣌͞ͷεϧʔϓο
τͷมԽΛൺֱ͢Δ. ͜ΕʹΑΓ OLT1ͷੑೳΛௐ΂Δ.
4.8.1 εϧʔϓοτͷϞσϧ
ຊ߲Ͱઆ໌͢ΔεϧʔϓοτͷϞσϧ͸ҎԼͷཁૉΛೖྗύϥϝʔλͱ͢Δ:
1. ߴ଎ͳσʔλߏ଄ͷϝϞϦޮ཰ (Ωʔ͋ͨΓͷฏۉ࢖༻ϝϞϦྔ)mH
2. ίϯύΫτͳσʔλߏ଄ͷϝϞϦޮ཰ (Ωʔ͋ͨΓͷฏۉ࢖༻ϝϞϦྔ)mL
3. ߴ଎ͳσʔλߏ଄ͷฏۉεϧʔϓοτ θH
4. ίϯύΫτͳσʔλߏ଄ͷฏۉεϧʔϓοτ θL
5. ॲཧ͢Δσʔληοτͷग़ݱස౓෼෍ f(k) (k͸จࣈྻͷग़ݱස౓ॱͷϥϯΫ)
6. ॲཧ͢Δσʔληοτʹؚ·ΕΔॏෳΛؚΉจࣈྻͷ਺ (ೖྗจࣈྻ਺) N
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7. ॲཧ͢Δσʔληοτʹؚ·ΕΔॏෳΛআ͍ͨจࣈྻͷ਺ (֨ೲ͢Δจࣈྻͷ
਺) n
8. ࢖༻ՄೳϝϞϦྔM
ग़ݱස౓෼෍ f(k)ʹै͏ॏෳΛؚΉ N ݸͷจࣈྻͷσʔληοτΛॏෳΛআ͖ͳ
͕ΒσʔλετΞʹ֨ೲ͢Δ. σʔλετΞʹ࠷ऴతʹ֨ೲ͞ΕΔॏෳΛؚ·ͳ͍จ
ࣈྻͷ਺͕ nͰ͋Δ. ֨ೲ͢Δจࣈྻͷ਺ n = max k,ೖྗจࣈྻ਺ N =
∑n
k=1 f(k)
Ͱ͋Δ.
֤σʔλߏ଄ͷΩʔ͋ͨΓͷฏۉ࢖༻ϝϞϦmH ͓ΑͼmL͸֨ೲ͢Δର৅ͷσʔ
ληοτʹΑͬͯҟͳΔ஋ʹͳΔͨΊ,σʔληοτ͝ͱʹݟੵ΋Δඞཁ͕͋Δ. 4.2
અͰ͸,σʔλߏ଄ͷεϧʔϓοτΛ putͱ getʹ෼͚ͯ࿦ͨ͡. ͜ͷઅͰ͸,ͦΕΒΛ
݁߹ͨ͠ฏۉεϧʔϓοτ θH ͓Αͼ θLΛ༻͍Δ. ͜ΕΒͷฏۉεϧʔϓοτ΋֨ೲ
͢Δର৅ͷσʔληοτʹΑͬͯҟͳΔͨΊ,σʔληοτ͝ͱͷݟੵ΋Γ͕ඞཁͰ
͋Δ. ͞Βʹ͜ΕΒฏۉεϧʔϓοτͷ஋͸,ॏෳഉআͷॲཧ͔Β,ର৅ͷσʔληο
τͷ getͷճ਺ (N )ͱ putͷճ਺ (n)ͷൺ཰ʹΑܾͬͯ·Δ஋Ͱ͋Δ. ಛʹ,ίϯύΫ
τͳσʔλߏ଄ͷ get/putൺ͸,ߴ଎ͳσʔλߏ଄ͷώοτ཰ʹΑͬͯมΘΔͨΊ,Α
Γਖ਼֬ͳ਺஋ΛٻΊΔʹ͸,Ωϟογϡஔ͖׵͑ΞϧΰϦζϜ·Ͱߟྀͨ͠ݟੵ΋Γ
͕ඞཁͰ͋Δ. ͜͜Ͱ͸୯७Խͯ͠, ͜ΕΒͷ஋Λ͋Δσʔληοτ͕༩͑ΒΕͨ࣌
ͷσʔλߏ଄ݻ༗ͷ஋ͱͯ͠ѻ͏.
্هͷύϥϝʔλ͔ΒҎԼͷ஋Λܭࢉ͢Δ:
• σʔλߏ଄Λ૊Έ߹Θͤͯ֘౰σʔληοτΛॲཧͨ͠৔߹ͷεϧʔϓοτ θ
f(k)ΛมԽͤ͞Δ͜ͱʹΑͬͯ,༷ʑͳग़ݱස౓෼෍ʹର͢Δ OLT1ͷεϧʔϓο
τΛݟੵ΋Δ͜ͱ͕Ͱ͖Δ. ·ͨ, θH ΍ θL ΛมԽͤ͞Δ͜ͱͰ, ҟͳΔੑ࣭Λ࣋ͭ
σʔλߏ଄Λ૊Έ߹Θͤͨ৔߹ͷεϧʔϓοτΛݟੵ΋Δ͜ͱ͕Ͱ͖Δ. ຊ߲Ͱ͸,ಛ
ʹ,֨ೲ͢Δจࣈྻ nΛมԽͤͨ࣌͞ͷεϧʔϓοτ θ ͷมԽΛݟΔͨΊ,ଞͷύϥ
ϝʔλΛఆ਺ͱΈͳ͠, θΛ nͷؔ਺ͱͯ͠ಋग़͢Δ.
ܭࢉͷͨΊ,্هύϥϝʔλʹՃ͑ͯ,ҎԼͷม਺ٴͼؔ਺Λಋೖ͢Δ:
1. f(k)ͷྦྷੵ౓਺෼෍ؔ਺Λ fc(k)ͱ͢Δ
2. θL = νθH ͱͳΔεϧʔϓοτൺ ν Λಋೖ͢Δ
3. mL = µmH ͱͳΔϝϞϦޮ཰ൺ µΛಋೖ͢Δ
4. r (r ≤ 1)Λߴ଎ͳσʔλߏ଄ʹ֨ೲ͢Δจࣈྻͷ਺ͷׂ߹ͱ͢Δ
5. ߴ଎ͳσʔλߏ଄ͷ࢖༻ϝϞϦྔΛMH ͱ͢Δ
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6. ίϯύΫτͳσʔλߏ଄ͷ࢖༻ϝϞϦྔΛML ͱ͢Δ
7. ߴ଎ͳσʔλߏ଄ͷྦྷੵॲཧ࣌ؒΛ EH ͱ͢Δ
8. ίϯύΫτͳσʔλߏ଄ͷྦྷੵॲཧ࣌ؒΛ EL ͱ͢Δ
ྦྷੵ౓਺෼෍͸ϥϯΫ k·Ͱͷग़ݱස౓෼෍ͷ࿨Ͱ͋ΔͷͰ, fc(k) =
∑k
x=1 f(x)͕
੒Γཱͭ. ͜ͷ͔ࣜΒ, k = nͷ࣌, fc(n) =
∑n
x=1 f(x) = N Ͱ͋ΔͷͰ, fc(n) = N Ͱ
͋Δ.
ίϯύΫτͳσʔλߏ଄ͷੑ࣭͸,εϧʔϓοτͷ܎਺ νͱϝϞϦ࢖༻ྔͷ܎਺ µʹ
Αͬͯද͞ΕΔ. εϧʔϓοτͷࣜ 4.10ʹҟͳΔ ν, µͷ஋Λ୅ೖ͢Δ͜ͱͰ, LOUDS
τϥΠҎ֎ͷσʔλߏ଄ΛίϯύΫτͳσʔλߏ଄ͱͯ͠༻͍ͨ৔߹ͷεϧʔϓοτ
Λ֓ࢉͰ͖Δ.
ද 4.7ʹൺֱ͢ΔͨΊͷ 4ͭͷҟͳΔσʔλߏ଄Λ૝ఆͨ͠ύϥϝʔλΛࣔ͢. ද
தͷ OLT1͸ OLT1Λ૝ఆͨ͠ύϥϝʔλΛ͍ࣔͯ͠Δ. Hash+DA͸ϋογϡςʔϒ
ϧͱμϒϧΞϨΠτϥΠͷ૊Έ߹ΘͤΛ૝ఆͨ͠৔߹ͷύϥϝʔλͰ͋Δ. ͜ΕΒͷ
ύϥϝʔλ஋͸ද 4.1΍ද 4.2Λࢀߟʹ͍ͯ͠Δ. Hash+SSD͸ϋογϡςʔϒϧͱߴ
଎ͳೋ࣍هԱ (ྫ͑͹ SSD)ͷ૊Έ߹ΘͤΛ૝ఆͨ͠৔߹Ͱ͋Δ. Hash+HDD͸ϋο
γϡςʔϒϧͱ௿଎ͳೋ࣍هԱ (ྫ͑͹ HDD) ͷ૊Έ߹ΘͤΛ૝ఆͨ͠৔߹Ͱ͋Δ.
4.2અʹࣔͨ͠,ຊݚڀͷ࣮ݧ؀ڥͰ͸, SSD͸໿ 4793 IOPS, HDDͰ͸໿ 122.8 IOPS
(Crystal Disk Mark 5.1.2 x64)Ͱ͋ͬͨ. Ұํ,ϋογϡςʔϒϧ͸ද 4.1ΑΓ,ඵ͋ͨ
Γ਺ඦສճͷΞΫηε͕ՄೳͰ͋Δ. ͜ΕΒͷ਺஋Λࢀߟʹ, Hash+SSD, Hash+HDD
ͷ ν ஋Λ 1/1000, ͓Αͼ, 1/10000ͱͨ͠. ·ͨ, ೋ࣍هԱΛ༻͍Δ৔߹͸ίϯύΫτ
ͳσʔλߏ଄ʹओهԱΛׂ͘ඞཁ͕ͳ͍ͨΊ,֨ೲ͢Δจࣈྻͷ਺ʹ͔͔ΘΓͳ͘,શ
ͯͷ࢖༻ՄೳϝϞϦΛϋογϡςʔϒϧʹׂΓ౰ͯΔ͜ͱ͕Ͱ͖Δ. ͜Ε͸ϞσϧͰ
͸ µ = 0ͱ͢Δ͜ͱͰද͞ΕΔ.
ߴ଎ͳσʔλߏ଄ͷจࣈྻ͋ͨΓͷϝϞϦ࢖༻ྔ͸mH Ͱ͋ΔͷͰ, n ≤M/mHͷ
ൣғͰ͸, จࣈྻΛશͯߴ଎ͳσʔλߏ଄ʹ֨ೲͰ͖Δ. ఏҊख๏Ͱ͸ίϯύΫτͳ
σʔλߏ଄ʹ΋ϝϞϦΛׂΓ౰ͯΔඞཁ͕͋ΔͨΊ,ߴ଎ͳσʔλߏ଄ʹશͯͷจࣈ
ද 4.7: ૝ఆ͢ΔσʔλετΞͱύϥϝʔλ
εϧʔϓοτ ν ϝϞϦޮ཰ µ
Hash+DA 1/2 1/2
OLT1 1/20 1/4
Hash+SSD 1/1000 0
Hash+HDD 1/10000 0
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ྻΛ֨ೲͰ͖Δൣғ͸͜ΕΑΓ΋ڱ͘ͳΔ. ߴ଎ͳσʔλߏ଄ʹશͯͷจࣈྻΛ֨ೲ
͢Δ࣌ʹఏҊख๏ͷεϧʔϓοτ͸࠷େͱͳΓ,ͦͷ஋͸ߴ଎ͳσʔλߏ଄ͷεϧʔ
ϓοτͱಉ͡ θH ʹͳΔ.
ߴ଎ͳσʔλߏ଄ʹશจࣈྻΛ֨ೲ͢Δ͜ͱ͕Ͱ͖ͳ͍ൣғͰ͸,ίϯύΫτͳσʔ
λߏ଄ʹશͯͷจࣈྻ͕֨ೲ͞Ε,ߴ଎ͳσʔλߏ଄ʹ͸,࢒Γ࢖༻ՄೳϝϞϦΛ࢖ͬ
ͯग़ݱස౓ͷߴ͍จࣈྻ͕֨ೲ͞ΕΔ. ߴ଎ͳσʔλߏ଄ʹ֨ೲ͞Ε͍ͯͳ͍จࣈྻ
ͷݕࡧ͸ίϯύΫτͳσʔλߏ଄ͰߦΘΕΔ. ߴ଎ͳσʔλߏ଄ʹ֨ೲ͞ΕΔจࣈྻ
ͷ਺ͷׂ߹ r͔Β,ߴ଎ͳσʔλߏ଄ʹ֨ೲ͞ΕΔจࣈྻͷ਺͸ rnͰ͋Δ. จࣈྻ͋
ͨΓͷϝϞϦ࢖༻ྔ͸mH Ͱ͋ΔͷͰ,ߴ଎ͳσʔλߏ଄ͷϝϞϦ࢖༻ྔMH ͸ҎԼ
ͷΑ͏ʹܭࢉ͞ΕΔ:
MH = rn ·mH (4.4)
ίϯύΫτͳσʔλߏ଄ʹ͸ n ݸͷจࣈྻશ͕ͯ֨ೲ͞ΕΔͨΊ, ίϯύΫτͳ
σʔλߏ଄ͷ࢖༻ϝϞϦྔML ͸ҎԼͷΑ͏ʹܭࢉ͞ΕΔ:
ML = n · µmH (4.5)
࢖༻ՄೳϝϞϦྔM ͸ݻఆͰ͋ΔͷͰ, 4.1અͷࣜ 4.1Ͱࣔͨ͠Α͏ʹ,ߴ଎ͳσʔ
λߏ଄ͷ࢖༻ϝϞϦྔMH ͸,શͯͷจࣈྻΛίϯύΫτͳσʔλߏ଄ʹ֨ೲͨ͠ޙ
ͷ࢒Γ࢖༻ՄೳϝϞϦͰ͋Δ. ࣜ 4.1ΛҎԼʹࣔ͢:
MH = M −ML
͜ͷࣜ 4.1ʹࣜ 4.4ͱࣜ 4.5Λ୅ೖ͢Δͱ,ҎԼͷࣜ 4.6͕ಋ͔ΕΔ:
rn ·mH = M − n · µmH (4.6)
͜ΕΛ rʹ͍ͭͯղ͘ͱҎԼͷࣜ 4.7͕ಘΒΕΔ:
r =
M − n · µmH
n ·mH
=
M
n ·mH − µ (4.7)
࢖༻ՄೳϝϞϦྔM ͱߴ଎ͳσʔλߏ଄ͷจࣈྻ͋ͨΓͷϝϞϦ࢖༻ྔmH ͱ܎
਺ µ͸ఆ਺Ͱ͋ΔͷͰ,ࣜ 4.7͔Β r͸จࣈྻͷ਺ nͷؔ਺Ͱ͋Δ.
࣍ʹ,ߴ଎ͳσʔλߏ଄ʹ֨ೲ͞ΕΔจࣈྻͷ਺ rnΛ༻͍ͯ OLT1ͷεϧʔϓοτ
θ ΛٻΊΔ. ͦͷͨΊʹ͸, จࣈྻͷग़ݱස౓෼෍ f(k) Λ༩͑ͯ, ߴ଎ͳσʔλߏ଄
ʹ͓͚Δจࣈྻͷൃݟճ਺ (ώοτճ਺)ΛٻΊΔඞཁ͕͋Δ. ͜ͷώοτճ਺ʹجͮ
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͖,૊Έ߹ΘͤΔσʔλߏ଄ͷͦΕͧΕͷੑೳ θH , θLͷ߹ࢉ͔Β, OLT1શମͷεϧʔ
ϓοτ θΛܭࢉ͢Δ.
࠷΋ߴස౓ͷจࣈྻΛߴ଎ͳσʔλߏ଄ʹ֨ೲ͢Δཧ૝తͳΩϟογϡஔ͖׵͑Ξ
ϧΰϦζϜΛԾఆ͢Δͱ, ߴ଎ͳσʔλߏ଄ͷαΠζ rn ͱ౳͍͠ϥϯΫͷྦྷੵग़ݱ
ස౓਺͕ώοτճ਺Ͱ͋ΔͱΈͳͤΔ. ༩͑ΒΕͨग़ݱස౓෼෍ f(k)ʹର͢Δྦྷੵ౓
਺෼෍͸ fc(k)Ͱ͋ΔͷͰ,ϥϯΫ rnͷྦྷੵ౓਺͸ fc(rn)Ͱ͋Δ. ͜ΕΛߴ଎ͳσʔ
λߏ଄ͷώοτճ਺ͱΈͳ͢. ߴ଎ͳσʔλߏ଄୯ମͷεϧʔοϓοτΛ θH ͱ͢Δ
ͱ,্هώοτճ਺ʹ͓͚Δߴ଎ͳσʔλߏ଄ͷྦྷੵॲཧ࣌ؒ EH ͸ҎԼͷࣜ 4.8Ͱ
ද͞ΕΔ:
EH = fc(rn)/θH (4.8)
ίϯύΫτͳσʔλߏ଄΁ͷΞΫηε͸ߴ଎ͳσʔλߏ଄ʹώοτ͠ͳ͔ͬͨ৔߹
ʹൃੜ͠, ͦͷྦྷੵ౓਺͸ N − fc(rn)Ͱද͞ΕΔ. ͕ͨͬͯ͠, ίϯύΫτͳσʔλ
ߏ଄෦෼ͷྦྷੵॲཧ࣌ؒ EL ͸ҎԼͷࣜ 4.9Ͱද͞ΕΔ:
EL = (N − fc(rn))/θL (4.9)
ࣜ 4.8ͱࣜ 4.9͔Β, OLT1ͷฏۉεϧʔϓοτ θ ͸ҎԼͷࣜ 4.10ʹΑͬͯܭࢉ͞
ΕΔ:
θ =
N
EH + EL
=
N
fc(rn)/θH + (N − fc(rn))/θL (4.10)
N = fc(n) Ͱ͋Γ, ͔ͭ, ࣜ 4.7 ͔Β r ͸ n ͷؔ਺Ͱ͋ΔͷͰ, ্هࣜ 4.10 ͔Β θ
΋ nͷؔ਺Ͱ͋Δ. ݴ͍׵͑Δͱ,ग़ݱස౓෼෍ͷྦྷੵ౓਺෼෍ fc(k)͕෼͔͍ͬͯΔ
σʔλΛ,ݻఆͷ࢖༻ՄೳϝϞϦM ʹ OLT1Λ༻͍ͯ֨ೲ͢Δ࣌,ͦͷεϧʔϓοτ
θ͸,ೖྗ͞ΕΔจࣈྻͷ਺ n͓Αͼग़ݱස౓෼෍ f(k)Ͱද͞ΕΔ. ͜ΕʹΑΓ,༷ʑ
ͳग़ݱස౓෼෍Λ࣋ͭσʔλʹର͢Δ OLT1ͷੑೳͷಛੑ͸,ԣ࣠ʹೖྗจࣈྻ਺ n
ΛͱΓ,ॎ࣠ʹͦͷ࣌ͷεϧʔϓοτ θΛͱΔάϥϑʹΑͬͯද͢͜ͱ͕Ͱ͖Δ.
ࣜ 4.7,͓Αͼ,ࣜ 4.10͸,ίϯύΫτͳσʔλߏ଄ͷϝϞϦޮ཰Λද͢ύϥϝʔλ
µͱεϧʔϓοτΛද͢ύϥϝʔλ ν ΛؚΜͰ͍Δ. ͜ΕΒΛมߋ͢Δ͜ͱʹΑͬͯ,
OLT1ͷϋογϡςʔϒϧͱ LOUDSτϥΠͷ૊Έ߹ΘͤʹݶΒͣ, ༷ʑͳσʔλߏ
଄Λ૊Έ߹Θͤͯ༻͍ͨ৔߹ͷεϧʔϓοτΛݟੵ΋Δ͜ͱ͕Ͱ͖Δ.
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4.8.2 OLT1͕શͯͷจࣈྻΛϋογϡςʔϒϧʹ֨ೲͰ͖Δൣғ
࣍ͷࣜ 4.11ͷΑ͏ʹ,ࣜ 4.7ͷࠨล rΛ 1ͱͯ͠ nʹ͍ͭͯղ͘ͱ,ఏҊख๏ʹ͓
͍ͯશͯͷจࣈྻΛߴ଎ͳσʔλߏ଄ʹ֨ೲͰ͖Δจࣈྻͷ਺ n ΛٻΊΔ͜ͱ͕Ͱ
͖Δ:
1 =
M
mH · n − µ
1 + µ =
M
mH · n
(1 + µ) · n = M
mH
n =
1
1 + µ
· M
mH
(4.11)
͜͜Ͱ,ࣜ 4.11ʹ OLT1ͷ৔߹Λ౰ͯ͸Ί, OLT1͕શͯͷจࣈྻΛϋογϡςʔϒ
ϧʹ֨ೲͰ͖Δ࠷େͷ nΛٻΊΔ. ද 4.6͔Β, LOUDSτϥΠͷϝϞϦ࢖༻ྔ͸ϋο
γϡςʔϒϧͷϝϞϦ࢖༻ྔͷ໿ 1/4Ͱ͋ΔͨΊ µ = 1/4ͱ͢Δ. ͜ͷͱ͖, ࣜ 4.11
͸࣍ͷΑ͏ʹܭࢉͰ͖Δ:
n =
1
1 + 1/4
· M
mH
=
4
5
· M
mH
= 0.8 · M
mH
(4.12)
͜͜Ͱ, M/mH ͸ϋογϡςʔϒϧΛ࢖༻ͯ͠࢖༻ՄೳϝϞϦ M ʹ֨ೲͰ͖Δ
จࣈྻͷ࠷େ਺Ͱ͋Δ. ͔͜͜Β, OLT1 ͷϋογϡςʔϒϧʹશͯͷจࣈྻΛ֨ೲ
Ͱ͖Δͷ͸, ϋογϡςʔϒϧʹ֨ೲͰ͖Δจࣈྻͷ࠷େ਺ͷ 80% ҎԼ, ͢ͳΘͪ
n ≤ 0.8 ·M/mH ͷൣғͰ͋Δ. ͜ͷൣғͰ͸ OLT1ͱϋογϡςʔϒϧͷεϧʔϓο
τ͸ಉ༷ͱΈͳ͢͜ͱ͕Ͱ͖Δ͕, 0.8 ·M/mH < n ≤M/mH ͷൣғͰ͸, OLT1Ͱ͸
LOUDSτϥΠ΁ͷΞΫηε͕ൃੜ͢ΔͨΊ, ϋογϡςʔϒϧΛ୯ମͰ༻͍ͨํ͕
ߴ଎ʹͳΔ.
4.8.3 OLT1ͱଞͷσʔλߏ଄͓Αͼೋ࣍هԱΛ༻͍Δํ๏ͱͷൺֱ
ຊ߲Ͱ͸, ߲ͰٻΊͨࣜ 4.10 Λ༻͍ͯ, OLT1 ͱଞͷ 3ͭͷख๏Λൺֱ͢Δ. ͍ͣ
Ε΋, ߴ଎ͳσʔλߏ଄ʹ͸ϋογϡςʔϒϧΛԾఆ͢Δ. ͦΕͧΕ, ίϯύΫτͳ
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σʔλߏ଄ͱͯ͠,ΦϯϥΠϯ LOUDSτϥΠΛ༻͍Δ OLT1,μϒϧΞϨΠτϥΠΛ
༻͍Δ Hash+DA, ೋ࣍هԱͱͯ͠ SSD Λ༻͍Δ Hash+SSD, ͓Αͼ, HDDΛ༻͍Δ
Hash+HDDͷ 4ͭͷ৔߹ʹ͍ͭͯܭࢉΛߦ͍ൺֱ͢Δ. ͦΕͧΕͷσʔλߏ଄Λද͢
ύϥϝʔλ µ͓Αͼ ν ͷ૊Έ߹Θͤʹ͸,ද 4.7ͷ஋Λ༻͍Δ.
·ͣ, OLT1Ͱ૝ఆ͍ͯ͠ΔภΓͷ͋Δग़ݱස౓෼෍ͷయܕྫͱͯ͠,δοϓͷ๏ଇ
ʹجͮ͘ग़ݱස౓෼෍ (δοϓ෼෍)ΛऔΓ্͛Δ.
nݸͷจࣈྻͷग़ݱස౓෼෍͕δοϓͷ๏ଇʹجͮ͘ͱ͖,ϥϯΫ k ͷจࣈྻͷग़
ݱස౓ f(k)͸ࣜ 4.13ͷΑ͏ʹද͞ΕΔ. ͜͜Ͱ s͸ग़ݱස౓෼෍ͷภΓͷେ͖͞Λ
ද͢܎਺Ͱ͋Γ,਺ࣈ͕େ͖͍΄ͲภΓ͕େ͖͘ͳΔ.
f(k) =
1/ks∑n
x=1(1/x
s)
(4.13)
͜ͷ࣌,ྦྷੵ౓਺෼෍ fc(k)͸ࣜ 4.14ͱͳΔ.
fc(k) =
∑k
x=1(1/x
s)∑n
x=1(1/x
s)
(4.14)
ਤ 4.12ʹ s = 1.00, 1.25, 1.50ͷ৔߹ͷδοϓͷ๏ଇʹجͮ͘ग़ݱස౓෼෍Λࣔ͢.
ԣ࣠͸ස౓ॱͷϥϯΫ (શจࣈྻ਺ʹ઎ΊΔॱҐͷׂ߹),ॎ࣠͸ྦྷੵ౓਺ (શग़ݱ਺ʹ
઎ΊΔׂ߹)Λද͢. ਤ 4.12ͱਤ 1.1Λൺֱ͢Δͱ,࣮ࡍͷσʔληοτ͸ s = 1.5ʹ
͍ۙग़ݱස౓෼෍Ͱ͋Δ͜ͱ͕෼͔Δ. ͕ͨͬͯ͠,ൺֱʹ͸ s = 1.5ͷ৔߹Λ༻͍Δ.
ਤ 4.13ʹ,δοϓ෼෍ͷ৔߹ͷจࣈྻ਺ʹର͢ΔεϧʔϓοτͷάϥϑΛࣔ͢. ͜
ͷάϥϑ͸, nΛมԽͤ͞, k = rnΛࣜ 4.14ʹ୅ೖͯ͠ܭࢉ͠,ͦͷ݁ՌΛࣜ 4.10ʹ
୅ೖͯ͠ܭࢉͨ݁͠ՌΛϓϩοτͨ͠΋ͷͰ͋Δ. ԣ࣠ͷ஋͸,ϋογϡςʔϒϧΛ࢖
༻ͨ࣌͠ʹ࢖༻ՄೳϝϞϦM ʹ֨ೲͰ͖Δ࠷େͷจࣈྻͷ਺ (M/mH)Λ 1ͱͨ࣌͠
ͷೖྗจࣈྻ਺ nΛද͢. ॎ࣠ͷ஋͸,ϋογϡςʔϒϧͷεϧʔϓοτ θH Λ 1ͱ͠
ͨ࣌ͷ֤σʔλετΞͷεϧʔϓοτ θΛද͢.
ߴ଎ͳμϒϧΞϨΠτϥΠͱͷ૊Έ߹ΘͤΛ૝ఆͨ͠ Hash+DAͷ৔߹͸,ϋογϡ
ςʔϒϧʹೖΓ͖Βͳ͍ൣғͰ΋ߴ͍εϧʔϓοτΛҡ࣋͢Δ͕, n = 2ͷपลͰϋο
γϡςʔϒϧ΁ͷϝϞϦׂ౰͕΄ͱΜͲ 0 ʹͳΔͨΊٸܹʹεϧʔϓοτ͕௿Լ͢
Δ. ·ͨ, n > 2 ͷൣғͰ͸ϝϞϦෆ଍ͷͨΊ࢖༻Ͱ͖ͳ͍. OLT1 Λ૝ఆͨ͠৔߹
Ͱ͸ n < 2ͷൣғͷੑೳ͕ Hash+DAͷ৔߹ΛԼճΔ΋ͷͷ,ϝϞϦʹೖΓ͖Βͳ͘
ͳΔ n = 4 ʹۙͮ͘·Ͱ͸શମʹੑೳͷ௿Լ͸؇΍͔Ͱ͋Δ. Hash+HDD ͷ৔߹΋
Hash+SSDͱಉ༷ʹ n = 1෇ۙͰੑೳͷେ͖ͳ௿Լ͕ݟΒΕΔ. Hash+SSDͷ৔߹͸,
ϋογϡςʔϒϧͱͷੑೳ͕ࠩେ͖͍ͨΊ,ϋογϡςʔϒϧʹೖΓ͖Βͳ͍ n = 1
෇ۙͰੑೳ͕ٸܹʹ௿Լ͢Δ. ͔͠͠,ϋογϡςʔϒϧ΁ͷϝϞϦׂ౰͕͋ΔͨΊ,
n͕େ͖͍ൣғͰ͸ੑೳͷ௿Լ͕؇΍͔Ͱ͋Δ.
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ਤ 4.13: ֨ೲ͢Δจࣈྻ਺ʹର͢Δεϧʔϓοτ (δοϓ෼෍)
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4.8.4 Ұ༷෼෍ʹର͢Δ OLT1ͷੑೳ
OLT1͸,ग़ݱස౓෼෍ͷภΓ͕গͳ͍৔߹ʹੑೳ͕௿͍͜ͱ͕༧૝͞ΕΔ. ͦͷΑ
͏ͳग़ݱස౓෼෍ͱͳΔయܕతͳ֬཰෼෍ʹ͸Ұ༷෼෍͕͋Δ. Ұ༷෼෍Ͱ͸, Ͳͷ
จࣈྻ΋ग़ݱ֬཰͕ಉ͡Ͱ͋Δ. ͕ͨͬͯ͠, ग़ݱස౓෼෍͸ϥϯΫʹ͔͔ΘΒͣಉ
͡౓਺ͱ͢Δ. ͜Ε͸, C Λఆ਺ͱͯ࣍͠ͷࣜ 4.15Ͱද͞ΕΔ:
f(k) = C (4.15)
ਤ 4.14ʹҰ༷෼෍ͷྦྷੵ౓਺෼෍Λࣔ͢. ॎ࣠ͱԣ࣠ͷ஋͸ਤ 4.12ͱಉ༷Ͱ͋Δ.
ਤ 4.15 ͸, 4.8.3 ߲ͱಉ༷ʹͯ͠ٻΊͨ, Ұ༷෼෍ͷ৔߹ͷจࣈྻ਺ n ʹର͢Δε
ϧʔϓοτ θ ͷάϥϑͰ͋Δ. จࣈྻͷग़ݱස౓෼෍ʹภΓ͕ͳ͍ͨΊ, Ͳͷ૊Έ߹
ΘͤͰ͋ͬͯ΋,ϋογϡςʔϒϧʹೖΓ͖Βͳ͍ڥք෇ۙͰେ͖ͳੑೳͷ௿Լ͕ݟ
ΒΕΔ. ͍ͣΕ΋֨ೲ͢Δจࣈྻ਺͕૿͑Δͱੑೳ͕ίϯύΫτͳσʔλߏ଄ͷੑೳ
ʹ઴ۙ͢Δ. ͜Ε͸ภΓͷͳ͍ग़ݱස౓෼෍ҰൠʹݟΒΕΔੑ࣭Ͱ͋Δ. ͦͷΑ͏ͳ
ग़ݱස౓෼෍Ͱ͸,μϒϧΞϨΠτϥΠʹೖΓ͖Βͣ,࢖༻ՄೳϝϞϦʹ֨ೲͰ͖Δൣ
ғͰ, OLT1͕࠷΋ߴ଎ͳσʔλετΞͱͳΔ.
4.8.5 εςοϓ෼෍ʹର͢Δ OLT1ͷੑೳ
ද 4.7ͷ૊Έ߹ΘͤͷதͰ,֨ೲ͢Δจࣈྻͷ਺ n͕େ͖͍࣌ʹ, OLT1͕࠷΋ߴ଎
ͳσʔλετΞͰͳ͍Α͏ͳग़ݱස౓෼෍Λਓ޻తʹ࡞Δ͜ͱ͕Ͱ͖Δ. ຊ߲Ͱ͸,ͦ
ͷΑ͏ͳग़ݱස౓෼෍Λࣔ͢͜ͱͰ, OLT1ͷ༗ޮͳൣғΛΑΓ໌֬Խ͢Δ.
OLT1͸શͯͷจࣈྻΛओهԱʹ֨ೲ͢ΔͨΊ,ϋογϡςʔϒϧͷαΠζ͸ n͕
େ͖͘ͳΔʹͭΕখ͘͞ͳΓ,શͯͷߴස౓ͷจࣈྻΛϋογϡςʔϒϧʹ֨ೲͰ͖
ͳ͘ͳΔ. ͜ͷ࣌Ͱ΋,ೋ࣍هԱʹจࣈྻΛ֨ೲ͢Δख๏Ͱ͸,શͯͷߴස౓ͷจࣈྻ
Λϋογϡςʔϒϧʹ֨ೲՄೳͳ͜ͱ͕͋Δ. ͜ͷΑ͏ͳ࣌ʹ, OLT1ͷεϧʔϓοτ
͕ೋ࣍هԱΛ༻͍Δ৔߹ΑΓ΋௿͘ͳΔՄೳੑ͕͋Δ.
ҎԼͰ͸, ͦͷΑ͏ͳྫΛਓ޻తʹ࡞੒͢Δ. ֊ஈঢ়ʹߴස౓ͷจࣈྻͱ௿ස౓ͷ
จࣈྻʹ෼͔Ε͍ͯΔग़ݱස౓෼෍Λߟ͑Δ. ͦͷΑ͏ͳग़ݱස౓෼෍Λ͜͜Ͱ͸ε
ςοϓ෼෍ͱݺͿ. εςοϓ෼෍͸ 2ͭͷఆ਺ CH , CH(CH ≫ CL)ͱᮢ஋ T Λ༻͍ͯ
ࣜ 4.16ͷΑ͏ʹද͞ΕΔ.
f(k) =
{
CH (k < T )
CL (k ≥ T ) (4.16)
͜͜Ͱ͸, CH = 1000 · CL, T = 0.1ͱ͢Δ. ਤ 4.16ʹεςοϓ෼෍ͷྦྷੵ౓਺෼෍
Λࣔ͢. ॎ࣠ͱԣ࣠ͷ஋͸ਤ 4.12ͱಉ༷Ͱ͋Δ.
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ਤ 4.14: Ұ༷෼෍ͷྦྷੵ૬ର౓਺
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ਤ 4.15: ֨ೲ͢Δจࣈྻ਺ʹର͢Δεϧʔϓοτ (Ұ༷෼෍)
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ਤ 4.16: εςοϓ෼෍ͷྦྷੵ૬ର౓਺
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ਤ 4.17: ֨ೲ͢Δจࣈྻ਺ʹର͢Δεϧʔϓοτ (εςοϓ෼෍ T = 0.1)
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ਤ 4.18: ֨ೲ͢Δจࣈྻ਺ʹର͢Δεϧʔϓοτ (εςοϓ෼෍ T = 0.4)
56
ਤ 4.17͸, ࣜ 4.16Ͱࣔͨ͠εςοϓ෼෍ͷ৔߹ͷจࣈྻ਺ʹର͢Δεϧʔϓοτ
ͷάϥϑͰ͋Δ. ͜ͷਤͰ͸, Hash+DAͱ OLT1͸֨ೲ͢Δจࣈྻ਺ʹΑͬͯ 3ͭͷ
৔߹ʹ෼͚ΒΕΔ. ୈҰͷ৔߹͸શจࣈྻ͕ϋογϡςʔϒϧʹೖΔ৔߹Ͱ͋Γ, ੑ
ೳ͸ϋογϡςʔϒϧࣗ਎ͱಉ͡ θ = 1 ͱͳΔ. ୈೋͷ৔߹͸, શจࣈྻ͸ϋογϡ
ςʔϒϧʹ֨ೲ͞Ε͍ͯͳ͍͕,ߴස౓ͷจࣈྻ͸શͯϋογϡςʔϒϧʹ֨ೲ͞Ε
Δ৔߹Ͱ͋Δ. ͜ͷ࣌͸ϋογϡςʔϒϧ͕ߴ͍ώοτ཰Λҡ࣋͢ΔͨΊ,େ͖ͳੑೳ
ͷ௿Լ͸ݟΒΕͳ͍. ୈࡾͷ৔߹͸, ߴස౓ͷจࣈྻ͕ϋογϡςʔϒϧʹೖΓ͖Β
ͳ͍৔߹Ͱ͋Δ. ͜ͷ࣌͸,Ұ༷෼෍ͱಉ༷ʹ,ϋογϡςʔϒϧͷώοτ཰͕େ͖͘
௿Լͯ͠ੑೳ͕ίϯύΫτͳσʔλߏ଄ͷੑೳʹ઴ۙ͢Δ.
OLT1 Ͱୈࡾͷ৔߹͕ൃੜ͢Δཧ༝͸, ίϯύΫτͳσʔλߏ଄ʹ࢖༻ՄೳϝϞ
Ϧ͕ѹഭ͞Ε, ϋογϡςʔϒϧͷαΠζ͕খ͘͞ͳ͔ͬͨΒͰ͋Δ. Hash+SSD ΍
Hash+HDD Ͱ͸, ίϯύΫτͳσʔλߏ଄ͷ࢖༻ϝϞϦྔ͕ 0Ͱ͋ΔͨΊ, ϋογϡ
ςʔϒϧʹߴස౓ͷจࣈྻΛ֨ೲͰ͖Δൣғ͕޿͍. ͕ͨͬͯ͠, OLT1Ͱ͸ߴස౓ͷ
จࣈྻ͕ϋογϡςʔϒϧʹೖΓ͖Βͳ͍͕, Hash+SSDͰ͸ͦΕ͕Ͱ͖ΔൣғͰ͸
Hash+SSD͕࠷΋ߴ଎ͳσʔλετΞͱͳΔ͜ͱ͕͋Δ.
T Λେ͖͘͢Δͱ,εςοϓ෼෍ͷߴස౓ͷจࣈྻͷ਺͕૿͑Δ. ਤ 4.18͸ T = 0.4
ͷ࣌ͷεςοϓ෼෍ͷจࣈྻ਺ʹର͢ΔεϧʔϓοτͷάϥϑͰ͋Δ. ͜ͷ෼෍ʹ
ؚ·ΕΔߴස౓ͷจࣈྻ͸,༩͑ΒΕͨ࢖༻ՄೳϝϞϦΛશͯ࢖ͬͯ΋ϋογϡςʔ
ϒϧʹ֨ೲ͖͠Εͳ͍ͨΊ, ਤதͷ͢΂ͯͷσʔλߏ଄Ͱୈࡾͷ৔߹͕ݱΕΔ. ͜
ͷਤͰ͸, OLT1 ͷୈࡾͷ৔߹͸͓Αͦ n ≥ 1.54 ͷൣғͰ͋Δ. Hash+SSD ͓Αͼ
Hash+HDDͷୈࡾͷ৔߹͸͓Αͦ n ≥ 2.50ͷൣғͰ͋Δ. άϥϑͷަ఺͔Β,͓Αͦ
1.58 ≤ n ≤ 2.52ͷൣғͰ͸ Hash+SSDͷεϧʔϓοτ͕࠷΋ߴ͘,͓Αͦ 2.52 < n
ͷൣғͰ͸ OLT1ͷεϧʔϓοτ͕࠷΋ߴ͘ͳΔ.
4.8.6 OLT1ͷ༗ޮͳൣғ
OLT1͕ߴ͍ޮՌΛൃش͢Δͷ͸,δοϓ෼෍ͷΑ͏ʹ,ߴස౓গ਺ͷจࣈྻͱ௿ස
౓ଟ਺ͷจࣈྻ͔ΒͳΔೖྗ͕༩͑ΒΕͨͱ͖Ͱ͋Δ. ͜ͷ࣌,จࣈྻͷग़ݱස౓෼෍
ͷภΓ͕େ͖͚Ε͹େ͖͍΄Ͳ,ϋογϡςʔϒϧͷϝϞϦ͋ͨΓͷώοτ཰͕ߴ͘
ͳΓ,ΑΓߴ͍εϧʔϓοτʹͳΔ. ภΓ͕খ͍͞, ͋Δ͍͸,Ұ༷෼෍ͷΑ͏ʹภΓ
ͷͳ͍ग़ݱස౓෼෍ͷ৔߹͸,ϋογϡςʔϒϧʹೖΓ͖Βͳ͍ൣғͰશମͷεϧʔ
ϓοτ͕ίϯύΫτͳσʔλߏ଄ͷεϧʔϓοτʹ઴ۙ͢Δ. LOUDSτϥΠ͕ೋ࣍
هԱΑΓ΋ߴ͍εϧʔϓοτΛ࣋ͭͱ͖, OLT1͸ภΓͷͳ͍ग़ݱස౓෼෍ͷ࣌Ͱ΋
ೋ࣍هԱΑΓ΋ߴ଎Ͱ͋Δ.
ਤ 4.17΍ਤ 4.18ͷΑ͏ʹ, ਓ޻తʹ OLT1ͷεϧʔϓοτ͕࠷ྑͰͳ͍৔߹Λ࡞
Δ͜ͱ͕Ͱ͖Δ. εςοϓ෼෍Ͱ, ࢖༻ՄೳϝϞϦΛશͯ࢖ͬͯߴස౓ͷจࣈྻΛશ
ͯϋογϡςʔϒϧʹ֨ೲͰ͖,ͦͷ࣌ͷೋ࣍هԱͷੑೳ͕ LOUDSτϥΠΑΓ΋ߴ
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͍ͱ͖,͔ͭ, OLT1Ͱ͸ߴස౓ͷจࣈྻΛશͯϋογϡςʔϒϧʹ֨ೲ͖͠Εͳ͍ͱ
͖, OLT1͕࢖༻Ͱ͖Δ͕࠷ྑͰͳ͍ൣғ͕ଘࡏ͢Δ. ͕ͨͬͯ͠, OLT1͕࠷΋ߴ͍ੑ
ೳΛൃش͢Δൣғ͸,ग़ݱස౓෼෍͕ߴස౓গ਺ͷจࣈྻͱ௿ස౓ଟ਺ͷจࣈྻʹେ
͖͘ภ͍ͬͯΔ৔߹ʹݶΒΕΔ. ภΓ͕গͳ͍৔߹ʹ͸ଞͷσʔλߏ଄ͷ૊Έ߹Θͤ
΍ೋ࣍هԱΛ࢖༻ͨ͠ख๏͕ΑΓߴ͍ੑೳΛൃش͢ΔՄೳੑ͕͋Δ.
ҎԼʹ,ϞσϧʹΑͬͯ, OLT1ͱ,ଞͷσʔλߏ଄,͓Αͼೋ࣍هԱΛ༻͍Δํ๏ͷ
ੑೳΛൺֱͨ݁͠ՌΛ·ͱΊΔ:
• ೖྗ͕δοϓ෼෍ͷ৔߹ͱҰ༷෼෍ͷ৔߹ͷ݁ՌΛൺֱ͢Δͱ, OLT1͸ग़ݱස
౓෼෍͕ߴස౓গ਺ͷจࣈྻͱ௿ස౓ଟ਺ͷจࣈྻʹେ͖͘ภ͍ͬͯΔ৔߹ʹ
ߴ͍ੑೳʹͳΔ. ภΓ͕ͳ͍৔߹ʹ͸ LOUDSτϥΠͷੑೳʹ͍ۙ.
• LOUDSτϥΠͷ୅ΘΓʹμϒϧΞϨΠτϥΠΛར༻͢Δํ๏΋ྑ͍ํ๏Ͱ͋
Δ. ͨͩ͠,ѻ͑Δจࣈྻ਺͸ LOUDSτϥΠͷ൒෼ఔ౓ͱͳΔ.
• ೖྗͷภΓ͕ͳ͍৔߹ (Ұ༷෼෍)Ͱ΋, OLT1͸ೋ࣍هԱ (SSD΍ HDD)Λ࢖͏
ํ๏ΑΓ΋޿͍ೖྗจࣈྻ਺ͷൣғͰߴ͍ੑೳΛൃش͢Δ.
• OLT1ΑΓ΋ Hash+SSD͕ߴ͍ੑೳΛࣔ͢Α͏ͳೖྗ෼෍Λਓ޻తʹ࡞੒͢Δ
͜ͱ͕Ͱ͖Δ.
4.9 ϚϧνεϨουԽʹؔ͢Δߟ࡯
4.7અͰࣔͨ͠ OLT1͸,୯ମͰ͸ฒߦʹݺͼग़͞ΕΔ͜ͱΛલఏͱ͍ͯ͠ͳ͍. ͨ
ͩ͠,σʔλΛෳ਺ͷγϟʔυʹ෼ׂ͢Δ͜ͱͰϚϧνεϨουԽͰ͖Δ. ਤ 4.19͸,
ೖྗΛจࣈྻΩʔ͝ͱʹ 4ͭͷγϟʔυ S0, S1, S2, S3 ʹ෼ׂ͢Δ৔߹Λ͍ࣔͯ͠Δ.
͜ͷਤͰ͸, OLT1Λ 4ͭͷίΞΛඋ͑ͨγεςϜͰॲཧ͢Δ͜ͱΛ૝ఆ͠,γϟʔυ
͋ͨΓ 1ͭͷεϨουׂ͕Γ౰ͯΒΕΔ࠷΋୯७ͳέʔεΛ͍ࣔͯ͠Δ. ֤εϨου
ʹ͸ۉ౳ʹϝϞϦׂ͕Γ౰ͯΒΕΔ.
γϟʔυ͋ͨΓ 1ͭͷϒϩοΩϯάΩϡʔ,͓Αͼ 1ͭͷOLT1ׂ͕Γ౰ͯΒΕΔ.
ೖྗ͞ΕΔจࣈྻ͸,ͦͷจࣈྻͷϋογϡ஋Λγϟʔυ਺ 4Ͱׂͬͨ͋·Γͱಉ͡
ఴࣈͷγϟʔυʹׂΓ౰ͯΒΕΔ. ೖྗΛड͚औΔεϨου TR ͸จࣈྻ͔Βγϟʔ
υͷఴࣈΛܭࢉ͠,γϟʔυ͝ͱʹ࡞ΒΕΔόοϑΝʹจࣈྻΛ֨ೲ͢Δ. όοϑΝ͕
͍ͬͺ͍ʹͳΔͱ,όοϑΝ͸֘౰ͷγϟʔυʹׂΓ౰ͯΒΕͨϒϩοΩϯάΩϡʔ
ʹ֨ೲ͞ΕΔ. ϒϩοΩϯάΩϡʔ΁ͷ֨ೲΛόοϑΝ͝ͱʹߦ͏ཧ༝͸, Ωϡʔͷ
ϩοΫऔಘճ਺ΛݮΒͯ͠িಥΛগͳ͘͢ΔͨΊͰ͋Δ.
γϟʔυ SiʹׂΓ౰ͯΒΕͨεϨου Ti͸ΩϡʔQi͔ΒจࣈྻΛऔΓग़͠ OLT1
ʹ֨ೲ͢Δ. จࣈྻΩʔͷϋογϡ஋ʹΑͬͯ෼ׂ͍ͯ͠ΔͷͰ,֤γϟʔυͷOLT1
ʹ͸ޓ͍ʹॏͳΓͷͳ͍ಛఆͷจࣈྻΩʔͷू߹͕֨ೲ͞ΕΔ.
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ਤ 4.19: OLT1ͷϚϧνεϨουԽ
γϟʔυͷ෼ׂʹ༻͍Δϋογϡؔ਺͕Α͘Ұ༷ʹ෼෍͍ͯ͠Δͱ͖,֤ OLT1ʹ
֨ೲ͞ΕΔจࣈྻΩʔͷݸ਺͸ಉఔ౓ʹͳΔ. ϋογϡ஋ͷ෼෍͕จࣈྻͷ௕͞ʹର
ͯ͠΋Ұ༷Ͱ͋Ε͹,ͦΕͧΕಉఔ౓ͷϝϞϦ࢖༻ྔʹͳΔ.
͔͠͠ͳ͕Β, ຊݚڀͰର৅ͱ͢Δσʔληοτ͸ɺೖྗʹେ͖ͳภΓ͕͋Δ. ͜
ͷ৔߹,֤γϟʔυ΁ͷೖྗจࣈྻ਺ʹ͸ภΓ͕ݱΕΔ. ͜͏ͳΔͱ,࠷΋ೖྗจࣈྻ
਺ͷଟ͍εϨου͕શମͷ࣮ߦ࣌ؒΛܾఆ͢ΔΑ͏ʹͳΔ. ࣮ࡍʹ͜ͷΑ͏ͳ୯७ͳ
ํ๏Λ࣮૷࣮͠ݧͨ͠ॴ,ภΓ͕؍ଌ͞Εͨ.
ͦͷ݁Ռ, 4 CPU ίΞͷγεςϜͰੑೳ ͕ 2 ഒఔ౓ʹ͔͠ͳΒͳ͔ͬͨ. ࣮ࡍͷ
γεςϜͰ͸ΠϯϝϞϦσʔλετΞҎ֎ͷॲཧ΋ଘࡏ͢ΔͷͰ,͜ͷߴ଎ԽͰ΋༗
༻ੑ͕͋Δ. ΠϯϝϞϦσʔλετΞ୯ମͰ͞Βʹߴ଎Խ͢ΔͨΊʹ,εϨου਺Λ,
CPUίΞ਺Ҏ্ʹ૿΍͢ํ๏΋ߟ͑ΒΕΔ. ͔͠͠ͳ͕Β,͜ͷ৔߹͸ϝϞϦ΋ࡉ෼
Խ͞Ε, OLT1୯ମͷੑೳ͕௿Լͯ͠͠·͏.
͜ͷ໰୊Λղܾ͢Δʹ͸, εϨουʹจࣈྻΛ෼ׂ͢Δ࣌ʹ, ୯७ʹγϟʔυ਺Ͱ
ׂͬͨ༨ΓΛ࢖͏ͷͰ͸ͳ͘, ෛՙ͕ۉ౳ʹͳΔΑ͏ʹ෼ׂ͢Ε͹Α͍. ͔͠͠ͳ͕
Β, ͦͷΑ͏ͳ෼ׂํ๏Λ࣮ߦલʹ஌Δ͜ͱ͸Ͱ͖ͳ͍. ࣮ߦதʹεϨουͷෛՙΛ
؍ଌ͠,ಈతʹεϨουΛ෼ׂ͢Δํ๏΋ߟ͑ΒΕΔ. ͔͠͠,୯७ʹεϨουΛ෼ׂ
͢Δͱ,ͦͷεϨουʹׂΓ౰ͯͨϝϞϦΛ෼ׂ͢Δ͜ͱʹͳΓ,໌Β͔ʹϝϞϦׂΓ
౰ͯͷޮ཰͕Α͘ͳ͍. ຊདྷ͸,ଞͷεϨου΋ؚΊͯϝϞϦׂΓ౰ͯΛݟ௚͠,ෛՙ
͕ߴ͍ॴʹϝϞϦΛׂΓ౰ͯͳ͚Ε͹ͳΒͳ͍. ͔͠͠, ͜ͷΑ͏ͳεϨουؒͷϝ
ϞϦͷ࠶ׂΓ౰ͯΛ࣮૷͢Δ͜ͱ͸,೉͍͠໰୊ΛؚΜͰ͍Δ.
Ҏ্ͷ͜ͱ͔Β,ຊݚڀͰ͸,εϨουͷ෼ׂํ๏΍ϝϞϦׂΓ౰ͯͷ࠷దԽ͸ࠓޙ
ͷ՝୊ͱ͠,୯ҰεϨουͰͷੑೳΛධՁ͢Δ.
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ୈ5ষ ࣗ཯తϝϞϦׂΓ౰ͯػೳΛ࣋
ͭΦϯϥΠϯ LOUDSτϥΠߏ
ஙख๏ OLT2
4ষͰ͸, LOUDSτϥΠͷΦϯϥΠϯߏஙख๏ OLT1ʹ͍ͭͯड़΂ͨ. OLT1Ͱ͸,
LOUDSτϥΠͷ΄͔,ϋογϡςʔϒϧ, LOUDSτϥΠߏஙͷதؒόοϑΝͱͯ͠
࢖༻͢Δೋ෼୳ࡧτϥΠ͕༻͍ΒΕΔ. ͔͠͠, ͦΕΒͷσʔλߏ଄ʹରͯ͠, Ͳͷ
Α͏ʹϝϞϦΛ഑෼͢Δ͔͸ೖྗσʔλʹґଘ͍ͯ͠ΔͨΊ,ΦϯϥΠϯͰ࠷దԽ໰
୊ͱͯ͠ղ͘͜ͱ͸೉͍͠. ຊݚڀͰ͸, ༩͑ΒΕͨ࢖༻ՄೳϝϞϦʹରͯࣗ͠཯త
ʹϝϞϦΛ഑෼͢Δख๏ΛఏҊ͢Δ. ͜ͷఏҊख๏Λ Online LOUDS Trie Version 2
(OLT2) [39]ͱݺͿ. ͜ͷষͰ͸, OLT2ʹ͍ͭͯड़΂Δ.
5.1 OLT2ͷࣗ཯తϝϞϦׂΓ౰ͯΞϧΰϦζϜ
ਤ 5.1ʹ OLT2 ͷ֓ཁΛࣔ͢. OLT2 ͸, OLT1 ͱಉ༷ʹ, ߴ଎ͳσʔλߏ଄ͱͯ͠
ϋογϡςʔϒϧ,ίϯύΫτͳσʔλߏ଄ͱͯ͠όοϑΝτϥΠͱϒϧʔϜϑΟϧ
λ෇͖ LOUDSτϥΠΛ࣋ͭ.
OLT1Ͱ͸, 4.1અͰࣔͨ͠ํ๏,͓Αͼ, 4.3.7߲Ͱࣔͨ͠ํ๏ʹ͕ͨͬͯ͠,ར༻ऀ
͕ϝϞϦׂΓ౰ͯΛखಈͰߦ͍ͬͯͨ. OLT2͸ϝϞϦׂΓ౰ͯΛࣗ཯తʹߦ͏. ࣗ཯
తͳϝϞϦׂΓ౰ͯ͸,ҎԼʹࣔ͢ಈ࡞ϞʔυΛ੾Γସ͑ΔΞϧΰϦζϜʹΑͬͯߦ
ΘΕΔ:
ϋογϡϞʔυ ॳظঢ়ଶ. put͞ΕͨΩʔͱ஋ΛϋογϡςʔϒϧʹೖΕΔ. ౰ॳͷ
࢒Γ࢖༻ՄೳϝϞϦΛ Rinit ͱ͢Δ. ϋογϡςʔϒϧ͕࣍ୈʹ֦େ͠, ࢒Γ࢖
༻ՄೳϝϞϦ R͕ݮগ͢Δ. R͕ RinitͷX %ʹͳͬͨ࣌,όοϑΝϞʔυʹભ
Ҡ͢Δ.
όοϑΝϞʔυ put͞ΕͨΩʔͱ஋ΛόοϑΝτϥΠʹೖΕΔ. όοϑΝτϥΠ͕࣍
ୈʹ֦େ͠, ࢒Γ࢖༻ՄೳϝϞϦ R ͕গͳ͘ͳΔ. R ͕ LOUDS τϥΠΛ࡞੒
͢Δͷʹ࠷খݶͷαΠζʹͳͬͨ࣌,ม׵ϞʔυʹભҠ͢Δ.
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ਤ 5.1: ࣗ཯తϝϞϦׂΓ౰ͯػೳΛ࣋ͭΦϯϥΠϯ LOUDSτϥΠߏஙख๏ OLT2
ม׵Ϟʔυ ϋογϡςʔϒϧͷ಺༰ΛόοϑΝτϥΠʹҠಈ͠,ϋογϡςʔϒϧͷ
ϝϞϦΛ։์͢Δ. ࣍ʹ,όοϑΝτϥΠ͔Β LOUDSτϥΠͱϒϧʔϜϑΟϧ
λΛ࡞੒͠, όοϑΝτϥΠͷϝϞϦΛ։์͢Δ. ࠷ޙʹ, ϋογϡϞʔυʹભ
Ҡ͢Δ.
OLT2Ͱ্هͷύϥϝλ X ͸,ϋογϡςʔϒϧͱόοϑΝτϥΠͷϝϞϦޮ཰Λ
צҊܾͯ͠ΊΔ. ͜ͷ஋͸,࢖༻ՄೳϝϞϦʹόοϑΝτϥΠΛׂΓ౰ͯ,ϋογϡςʔ
ϒϧʹؚ·ΕΔશͯͷΩʔͱ஋ΛόοϑΝτϥΠʹೖΕͨͱͯ͠΋,ඞͣશͯͷΩʔ
͕֨ೲͰ͖ΔΑ͏ͳ஋ʹઃఆ͢Δ. ݱࡏͷॴ,༨༟Λݟͯ 50 %ʹઃఆ͍ͯ͠Δ. OLT2
͸ϞʔυΛ੾Γସ͑ΔͨΊʹ࢖༻ϝϞϦྔΛҰఆͷִ࣌ؒؒͰ؂ࢹ͢Δ. ࢖༻ϝϞϦ
ྔͷܭଌʹؚ·ΕΔΨʔϕʔδίϨΫγϣϯͷසൟͳ࣮ߦΛආ͚ΔͨΊʹ,ݱࡏͷॴ,
ܭଌִؒ͸ 1ඵͱ͍ͯ͠Δ.
ਤ 5.2͸, OLT2ͷϞʔυ੾Γସ͑Λ൐͏ಈ࡞εςοϓͷ֓ཁΛද͍ͯ͠Δ. ਤͷ֤
εςοϓͷਖ਼ํܗશମ͸࢖༻ՄೳϝϞϦΛද͠,֤ྖҬ͸ҎԼʹࣔ͢Α͏ʹ֤σʔλ
ߏ଄Λද͍ͯ͠Δ:
• ന৭ͷྖҬ͸࢒Γ࢖༻ՄೳϝϞϦΛද͢
• ੨৭ͷྖҬ͸ϋογϡςʔϒϧʹׂΓ౰ͯΒΕͨϝϞϦΛද͢
• ԫ৭ͷྖҬ͸όοϑΝτϥΠͷফඅ͢ΔϝϞϦΛද͢
• ྘৭ͷྖҬ͸ LOUDSτϥΠͷফඅ͢ΔϝϞϦΛද͢
ਤதͷεςοϓ 1͔Β 6ͷઆ໌ΛҎԼʹࣔ͢:
1. ϋογϡςʔϒϧ͕ೖྗΩʔΛ֨ೲ֦ͯ͠େ͢Δ (ϋογϡϞʔυ).
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ਤ 5.2: OLT2ͷࣗ཯తͳϝϞϦׂΓ౰ͯͷεςοϓ
2. όοϑΝτϥΠ͕ೖྗΩʔΛ֨ೲ֦ͯ͠େ͢Δ (όοϑΝϞʔυ). ϋογϡςʔ
ϒϧ΋Ωϟογϡͱ֦ͯ͠େ͢Δ.
3. ࢒Γ࢖༻ՄೳϝϞϦ͕LOUDSτϥΠ΁ͷม׵ʹඞཁͳαΠζʹۙͮ͘ͱOLT2
͸ม׵ϞʔυʹભҠ͢Δ. ϋογϡςʔϒϧΛόοϑΝτϥΠʹม׵͢Δ.
4. ϋογϡςʔϒϧΛϝϞϦ͔Β࡟আ͢Δ.
5. όοϑΝτϥΠΛ LOUDSτϥΠʹม׵͢Δ.
6. όοϑΝτϥΠΛϝϞϦ͔Β࡟আ͢Δ. ϋογϡϞʔυʹ໭Δ.
͜ΕΒͷ 6ͭͷεςοϓʹΑΓ, OLT2΁ೖྗ͞ΕΔจࣈྻΩʔ͸,ϋογϡςʔϒ
ϧͱόοϑΝτϥΠΛܦͯ LOUDSτϥΠ΁ม׵͞ΕΔ. ͢΂ͯͷσʔλ͕ॲཧ͞Ε
Δ·Ͱ͜ΕΒͷεςοϓ͕܁Γฦ͞ΕΔ.
5.2 Putૢ࡞
ϋογϡςʔϒϧΛ H , όοϑΝτϥΠΛ B, όοϑΝτϥΠ B ͔Βม׵͞ΕΔ
LOUDSτϥΠΛ L, Lʹఴ෇͞ΕΔϒϧʔϜϑΟϧλΛ F , LOUDSτϥΠͷϦετ
Λ Sͱ͢Δ. ϋογϡςʔϒϧH ͷॏෳΛআ͘͢΂ͯͷΩʔͱ஋ΛBʹίϐʔͨ͠
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ࡍʹಉ͡Ωʔͱ஋ͷू߹͕B্Ͱফඅ͢ΔϝϞϦྔͷݟੵ΋ΓΛE(H → B)ͱ͢Δ.
·ͨ,όοϑΝτϥΠB͔Β LOUDSτϥΠLΛ࡞ΔͨΊʹඞཁͱͳΔ࢖༻ϝϞϦྔ
ͷݟੵ΋ΓΛE(B → L)ͱ͢Δ. E(B → L)ʹ͸, LͱͦͷϒϧʔϜϑΟϧλ F ͷα
Πζͷଞ, BΛ෯༏ઌ૸ࠪ͢ΔͨΊʹඞཁͳΩϡʔͷϝϞϦؚ͕·ΕΔ. E(H → B)
ͱE(B → L)Λݟੵ΋Δํ๏ʹ͍ͭͯ͸ 5.4અͰड़΂Δ.
ϋογϡϞʔυͰ͸,ೖྗ͞ΕͨΩʔͱ஋ͷϖΞ͸ϋογϡςʔϒϧHʹ֨ೲ͞Ε
Δ. όοϑΝϞʔυͰ͸,ϋογϡςʔϒϧHʹΩʔؚ͕·Εͳ͍৔߹ͷΈ,όοϑΝ
τϥΠBʹΩʔͱ஋͕֨ೲ͞ΕΔ. ΋͠,͢ͰʹϋογϡςʔϒϧHʹΩʔ͕ଘࡏ͢
Δ৔߹, Hʹ஋͕ॻ͖ࠐ·ΕΔ.
5.3 Getૢ࡞
OLT2ͷ಺෦Ͱ͸,Ωʔͷมߋ΍Ωϟογϡ΁ͷҠಈʹΑͬͯ,ಉ͡Ωʔ͕ෳ਺อ࣋
͞Ε͍ͯΔ͜ͱ͕͋Δ. ͕ͨͬͯ͠,Ωʔʹରͯ͠,࠷ۙ֨ೲ͞Εͨ஋Λฦͨ͢Ίʹ͸,
ܾΊΒΕͨॱংͰσʔλߏ଄Λݕࡧ͢Δඞཁ͕͋Δ.
Ωʔ͸,·ͣ,࠷ॳʹϋογϡςʔϒϧHͰݕࡧ͞ΕΔ. ΋͠,Ωʔ͕HͰݟ͔ͭΕ
͹,ͦͷΩʔʹؔ࿈෇͚ΒΕͨ஋͕ฦ͞ΕΔ. ΋͠,Ωʔ͕H ʹؚ·Ε͍ͯͳ͚Ε͹,
࣍ʹόοϑΝτϥΠB͕ݕࡧ͞ΕΔ. ΋͠,Ωʔ͕BͰݟ͔ͭΕ͹,ͦͷΩʔʹؔ࿈෇
͚ΒΕͨ஋͕ฦ͞ΕΔ. ΋͠,Ωʔ͕Bʹؚ·Ε͍ͯͳ͚Ε͹,࣍ʹ LOUDSτϥΠͷ
ϦετSʹؚ·ΕΔLOUDSτϥΠL͕Ϧετͷ࠷ޙ͔Β߱ॱʹݕࡧ͞ΕΔ. LOUDS
τϥΠ͕ݕࡧ͞ΕΔલʹ,ϒϧʔϜϑΟϧλ F ʹΑͬͯΩʔͷଘࡏ͕֬ೝ͞ΕΔ. ΋
͠, F ِ͕Λฦͨ͠Β, Lͷݕࡧ͸εΩοϓ͞ΕΔ. ͦ͏Ͱͳ͍ͳΒ, L͕ݕࡧ͞ΕΔ.
Ωʔ͕όοϑΝτϥΠ͔ LOUDSτϥΠͰൃݟ͞Εͨ৔߹ʹ͸,ͦͷΩʔͱ஋ͷ૊͕
ϋογϡςʔϒϧʹίϐʔ͞Ε,ॏෳΛࣔ͢ϚʔΫ͕෇༩͞ΕΔ. ͦͯ͠,ൃݟ͞Εͨ
஋͕ฦ͞ΕΔ. ͜ͷखॱͰΩʔ͕ݟ͔ͭΒͳ͔ͬͨ৔߹͸, Ωʔ͕ଘࡏ͠ͳ͍͜ͱΛ
ࣔͨ͢Ίʹ, ∅͕ฦ͞ΕΔ. ॏෳΛࣔ͢ϚʔΫ͸ϋογϡςʔϒϧ͔ΒόοϑΝτϥΠ
ʹม׵͢Δࡍʹ࢖༻͞ΕΔ. ϚʔΫΛ࣋ͭཁૉ͸όοϑΝτϥΠ΁ͷม׵͔Βআ֎͞
ΕΔ.
5.4 ม׵Ϟʔυ΁ͷભҠ৚݅ͱϝϞϦݟੵ΋Γ
ม׵ϞʔυͰ͸ϋογϡςʔϒϧHͱόοϑΝτϥΠBʹؚ·ΕΔσʔλΛ͢΂
ͯ LOUDSτϥΠLʹม׵͢Δ. ม׵ʹ͸H͔ΒB΁, B͔ΒL΁ͷ 2ͭͷஈ֊ؚ͕
·ΕΔͨΊ, OLT2͸ 2ͭͷભҠ৚݅Λ࣋ͭ. H ͔ΒB΁ͷભҠ৚݅ (ભҠ৚݅ 1), B
͔Β L΁ͷભҠ৚݅ (ભҠ৚݅ 2)ΛҎԼʹࣔ͢:
ભҠ৚݅ 1 ࢒Γ࢖༻ՄೳϝϞϦͷྔ͕࢖༻ϝϞϦݟੵ΋ΓE(H → B)ʹ͍ۙͮͨ࣌
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ભҠ৚݅ 2 H ͔Β B ΁ͷม׵ޙ, ࢒Γ࢖༻ՄೳϝϞϦͷྔ͕࢖༻ϝϞϦݟੵ΋Γ
E(B → L)ʹ͍ۙͮͨ࣌
ભҠ৚݅ 1Λ൑ఆ͢ΔࣜΛભҠ৚݅൑ఆࣜ 1ͱ͢Δ. ભҠ৚݅ 2ͷ൑ఆ͸ H ͔Β
B ΁ͷม׵લʹߦΘΕΔͨΊ, E(H → B) ͷݟੵ΋ΓޡࠩʹΑΔ൑ఆޡΓؚ͕·Ε
Δ. ͦͷͨΊ, H Λ࡟আ͠,࢖༻ϝϞϦྔΛଌఆͨ͠ޙ,΋͏Ұ౓ભҠ৚݅ 2͕ධՁ͞
ΕΔ. 1ճ໨ͷભҠ৚݅ 2Λ൑ఆ͢ΔࣜΛભҠ৚݅൑ఆࣜ 2.1, 2ճ໨ͷભҠ৚݅ 2ͷ
൑ఆࣜΛભҠ৚݅൑ఆࣜ 2.2ͱ͢Δ. ભҠ৚݅൑ఆࣜ 2.1Ͱ࢖༻͢ΔϝϞϦݟੵ΋Γ
Λ E ′(B → L)ͱ͢Δ. ·ͨ,ͦͷ࣌ͷ࢒Γ࢖༻ՄೳϝϞϦͷݟੵ΋ΓΛ R′ ͱ͢Δ.
Ωʔͱ஋ͷϖΞ͕௥Ճ͞Εͨ݁Ռ, ભҠ৚݅ 1ͷ൑ఆ͔ࣜભҠ৚݅൑ఆࣜ 2.1ͷ͏
ͪ,ͲͪΒ͔ 1͕ͭਅͷ৔߹ʹOLT2͸ม׵ϞʔυʹભҠ͢Δ. ม׵ϞʔυͰ͸,ϋο
γϡςʔϒϧH͔ΒόοϑΝτϥΠB΁ͷσʔλͷҠಈ͕ߦΘΕ, H͕࡟আ͞ΕΔ.
ભҠ৚݅൑ఆࣜ 2.2͕ਅͳΒ,όοϑΝτϥΠB͔Β LOUDSτϥΠL͕࡞੒͞Ε, S
ͷ຤ඌʹ௥Ճ͞ΕΔ.
OLT2Ͱ͸, E(H → B)ͱE(B → L)ͷ 2ͭͷϝϞϦྔͷݟੵ΋Γ͕Ұఆͷ࣌ؒؒ
ִͰܭࢉ͞Ε,ભҠ৚݅ 1ͱભҠ৚݅ 2͕νΣοΫ͞ΕΔ.
RΛ࢒Γ࢖༻ՄೳϝϞϦྔ,M(H),M(B),M(L)Λ,ͦΕͧΕ,ϋογϡςʔϒϧH ,
όοϑΝτϥΠB, LOUDSτϥΠLͷ࢖༻ϝϞϦྔͱ͢Δ. M(L)ʹ͸Lʹؔ࿈෇͚
ΒΕͨϒϧʔϜϑΟϧλͷαΠζΛؚ·ͳ͍. M(F )ΛLʹؔ࿈෇͚ΒΕͨϒϧʔϜ
ϑΟϧλ F ͷ࢖༻ϝϞϦྔͱ͢Δ.
͜͜Ͱ, |H|ͱ |B|Λ,ͦΕͧΕHͱBͷ֨ೲ͢ΔΩʔ਺, dΛB΋͘͠͸ Sʹؚ·
Ε,͔ͭHʹ΋ؚ·ΕΔॏෳͨ͠Ωʔͷݸ਺ͱ͢Δ.
ϋογϡςʔϒϧH ,όοϑΝτϥΠBͷΩʔ͋ͨΓͷ࢖༻ϝϞϦྔͷൺΛఆ਺ͱ
Έͳ͠,ͦͷఆ਺ΛCBͱ͢Δ. όοϑΝτϥΠͱ LOUDSτϥΠͷΩʔ͋ͨΓͷ࢖༻
ϝϞϦྔͷൺ΋ఆ਺ͱΈͳ͠,ͦͷఆ਺ΛCLΛͱ͢Δ. ఆ਺ αΛ α|B|͕BΛ෯༏ઌ
૸ࠪ͢ΔࡍʹඞཁʹͳΔҰ࣌ϝϞϦͷྔͱͳΔΑ͏ʹఆΊΔ. |H|, d,͓Αͼ |B|͸֤
σʔλߏ଄಺Ͱܭ਺͠, CB, CL,͓Αͼ α͸ࣄલʹܭଌ͞ΕΔ. M(H),M(B),͓Αͼ
R͸࣮ߦ࣌ʹܭଌ͞ΕΔ.
ϋογϡςʔϒϧH͔Β͸ॏෳΛআ͘Ωʔ͕όοϑΝτϥΠBʹίϐʔ͞ΕΔͨ
Ί,ॏෳΛআ͍ͨΩʔͷൺ (|H|− d)/|H|Λ༻͍ͯ,ϝϞϦྔͷݟੵ΋ΓE(H → B)͸
ҎԼͷࣜ 5.1ͷΑ͏ʹܭࢉ͞ΕΔ:
E(H → B) = CB ·M(H) · ((|H|− d)/|H|) (5.1)
·ͨ, E(B → L)͸,ҎԼͷࣜ 5.2ͷΑ͏ʹܭࢉ͞ΕΔ:
E(B → L) = CL ·M(B) +M(F ) + α|B| (5.2)
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ભҠ৚݅ 2ͷ 1ճ໨ͷ൑ఆ࣌ʹ͸,কདྷى͜Δ H ͔Β B ΁ͷม׵ʹΑͬͯ૿͑Δ
ϝϞϦྔͷݟੵ΋ΓE(H → B)Λ,൑ఆ࣌ʹܭଌ͞ΕΔM(B)ʹՃ͑Δඞཁ͕͋Δ.
͕ͨͬͯ͠, E ′(B → L)͸,ࣜ 5.2ͷM(B)Λ E(H → B) +M(B)Ͱஔ͖׵͑ͨҎԼ
ͷࣜ 5.3Ͱܭࢉ͞ΕΔ:
E ′(B → L) = CL · (E(H → B) +M(B)) +M(F ) + α|B| (5.3)
ಉ༷ʹ, ࢒Γ࢖༻ՄೳϝϞϦྔʹ͍ͭͯ΋ݟੵ΋ΓྔΛ൓өͤ͞Δඞཁ͕͋Δ. ભ
Ҡ৚݅൑ఆࣜ 2.1Ͱ࢖༻͞ΕΔ࢒Γ࢖༻ՄೳϝϞϦͷݟੵ΋Γ R′ ͸,ҎԼͷࣜ 5.4ʹ
ΑΓܭࢉ͞ΕΔ:
R′ = R +M(H)− E(H → B) (5.4)
2ͭͷม׵Λܦͯ৽͘͠࡞ΒΕΔ LOUDS τϥΠʹؚ·ΕΔΩʔͷ਺͸, ϋογϡ
ςʔϒϧͷΩʔ͔ΒॏෳΛআ͍ͨΩʔͷ਺ͱόοϑΝτϥΠʹ͢Ͱʹ֨ೲ͞Ε͍ͯΔ
Ωʔͷ਺ͷ࿨ |H|− d+ |B|Ͱ͋Δ. ͜ͷͱ͖, F ͷϋογϡଟॏ౓͕ kͷͱ͖,ϒϧʔ
ϜϑΟϧλͷِཅੑ֬཰Λ࠷খʹ͢ΔαΠζ͔Β,M(F ) = 1.44k · (|H|− d+ |B|)ͱ
͢Δ.
্هͷݟੵ΋Γʹ͸༷ʑͳޡؚ͕ࠩ·Ε͍ͯΔ. ޡࠩʹΑΔϝϞϦ௒աΛ๷͙ͨΊ
ʹ,࢖༻ՄೳϝϞϦྔʹର͢ΔϚʔδϯΛઃ͚Δ. OLT2ͷϝϞϦׂΓ౰ͯͰ͸,࣮ࡍ
ͷ࢖༻ՄೳϝϞϦྔ͔Β͜ͷϚʔδϯΛҾ͍ͨϝϞϦྔΛ্ݶͱׂͯ͠Γ౰ͯΛߦ͏.
ຊݚڀͰ͸,ඞཁͳϚʔδϯΛ࢖༻ՄೳϝϞϦྔM ʹରͯ͠Ұఆͷׂ߹ zͱ͢Δ. ͢
ͳΘͪ,ϚʔδϯͷϝϞϦྔ͸ zM Ͱ͋Δ. 6.14અͰߦ͏OLT2ͷධՁ࣮ݧͰ͸,Ϛʔ
δϯ zΛ 5%ͱͨ͠. ͜ͷͱ͖,ม׵Ϟʔυ΁ͷભҠ৚݅Λ൑ఆ͢Δ 3ͭͷࣜ͸࣍ͷΑ
͏ʹද͞ΕΔ:
ભҠ৚݅൑ఆࣜ 1 R− E(H → B) ≤ zM
ભҠ৚݅൑ఆࣜ 2.1 R′ − E ′(B → L) ≤ zM
ભҠ৚݅൑ఆࣜ 2.2 R− E(B → L) ≤ zM
ϋογϡςʔϒϧH ,όοϑΝτϥΠBͷ͍ͣΕ͔ʹର͢Δ putͷޙ,ϝϞϦׂΓ౰
ͯΛؚΉҎԼͷखଓ͖͕࣮ߦ͞ΕΔ:
1. ࢒Γ࢖༻ՄೳϝϞϦR,࢖༻ϝϞϦྔM(H),M(B)͕ܭଌ͞ΕΔ
2. ભҠ৚݅൑ఆࣜ 1ِ͕,͔ͭ,ભҠ৚݅൑ఆࣜ 2.1ِ͕ͳΒ͹,͜ͷखଓ͖Λऴྃ
͢Δ
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3. ભҠ৚݅൑ఆࣜ 1͕ਅ,·ͨ͸,ભҠ৚݅൑ఆࣜ 2.1͕ਅͳΒ͹,ม׵Ϟʔυʹભ
Ҡ͢Δ
4. HͷॏෳΛআ͘͢΂ͯͷཁૉ͕Bʹίϐʔ͞ΕΔ
5. H͕ϝϞϦ͔Β࡟আ͞ΕΔ
6. ࢒Γ࢖༻ՄೳϝϞϦR,࢖༻ϝϞϦྔM(H),M(B)͕ܭଌ͞ΕΔ
7. ભҠ৚݅൑ఆࣜ 2.2ِ͕ͳΒ͹,ม׵Ϟʔυ͔ΒϋογϡϞʔυʹભҠ͠,͜ͷ
खଓ͖Λऴྃ͢Δ
8. ભҠ৚݅൑ఆࣜ 2.2͕ਅͳΒ͹, B͔Β LOUDSτϥΠLͱϒϧʔϜϑΟϧλF
͕࡞੒͞ΕΔ
9. L͕ Sͷ຤ඌʹ௥Ճ͞Ε, B͕࡟আ͞ΕΔ
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ୈ6ষ ධՁ࣮ݧ
ຊষͰ͸, ఏҊख๏ OLT1, ͓Αͼ, OLT2 ΛධՁ͢Δ. ·ͣ, OLT1 Ͱ༻͍͍ͯΔί
ϯύΫτͳσʔλߏ଄Ͱ͋ΔΦϯϥΠϯ LOUDSτϥΠ୯ମ͕,طଘͷ୅දతͳख๏
ΑΓ΋ίϯύΫτʹͳΔ͜ͱΛࣔ͢. ࣍ʹ, 3ষͰड़΂ͨΞϓϦέʔγϣϯΛ༻͍ͯ
OLT1શମͷεϧʔϓοτΛܭଌ͢Δ. ͜ͷ݁Ռ͔Β, OLT1͕ͲͷΑ͏ͳέʔεͰ༗
༻ੑ͕͋Δ͔Λ໌֬ʹ͢Δ.
OLT1͸ϒϧʔϜϑΟϧλ, όοϑΝτϥΠ, ϋογϡςʔϒϧΛؚΈ, ͦΕΒͷα
Πζ΍ϒϧʔϜϑΟϧλͷϋογϡଟॏ౓ͳͲͷύϥϝʔλΛઃఆ͢Δඞཁ͕͋Δ.
͜ͷষͰ͸,ຊݚڀͰઃఆͨ͜͠ΕΒͷύϥϝλͷଥ౰ੑΛ࣮ݧʹΑΓࣔ͢.
࠷ޙʹ, OLT2 ͷੑೳΛࣔ͢. OLT1 ͷධՁ࣮ݧͱಉ༷ʹ, 3ষͰड़΂ͨΞϓϦέʔ
γϣϯΛ༻͍ͯ OLT2ͷεϧʔϓοτΛܭଌ͢Δ. ͜ͷ࣮ݧʹΑͬͯ OLT2ʹ༗༻ੑ
͕͋Δ͜ͱΛࣔ͢. ·ͨ, OLT2ͷϝϞϦׂ౰ͷ༷ࢠΛࣔ͠,ࣗ཯తͳϝϞϦׂΓ౰ͯ
͕༗ޮʹػೳ͢Δ͜ͱΛࣔ͢.
6.1 ࣮ݧ؀ڥ
ຊষͰ͸ҎԼʹࣔ͢ E1,͓Αͼ E2ͷ 2ͭͷܭଌ؀ڥͰ࣮ݧΛߦͬͨ. ࢖༻ͨ͠ϋʔ
υ΢ΣΞ,͓Αͼιϑτ΢ΣΞΛҎԼʹࣔ͢:
• ࣮ݧ؀ڥ E1
– 2.2GHz Dual core Opteron 275 ×2, 2nd cache 2MB
– PC3200 RAM 4GB, 750GB SATA 7200rpm ×2
– Windows 2003 Server Standard x64 Edition Service Pack 2
– Java version 1.7.0, IBM J9 VM (JIT enabled, AOT enabled)
• ࣮ݧ؀ڥ E2
– Intel Core i7-3770 3.40GHz 4Core 6MB L3 Cache
– PC3-12800 16GB DDR3 SDRAM 1600Mhz
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– SATA 6Gb/s ADATA SSD SX900 512GB
– SATA/600 WDC WD20EZRX 2TB x2
– Windows 8.1 Pro 64bit OS for x64 based processor
– Java(TM) SE Runtime Environment (build 1.8.0 40-b25)
– Java HotSpot(TM) 64-Bit Server VM (build 25.40-b25, mixed mode)
࣮ݧ؀ڥ E1Ͱ͸ 4.4.1߲Ͱઆ໌ͨ͠ϒϧʔϜϑΟϧλͷ࣮૷ 2Λ༻͍Δ. ͦΕҎ֎
Ͱ͸ϒϧʔϜϑΟϧλͷ࣮૷ 1Λ༻͍Δ.
ຊষͰ͸ 1ষͷਤ 1.1ͱද 1.1ʹࣔͨ͠σʔληοτΛ༻͍࣮ͯݧΛߦ͏. ֤σʔ
ληοτͷ໊લͱ֓ཁΛҎԼʹࣔ͢:
NHTSA ถࠃߴ଎ಓ࿏҆શہͷऩूͨ͠ަ௨ࣄނσʔλϕʔε [57]͔Βࣗવݴޠॲ
ཧʹΑͬͯநग़͞ΕͨΩʔϫʔυͷྻ
kakaku.com େن໛৘ใίϯςϯπ࣌୅ͷߴ౓ ICTઐ໳৬ۀਓҭ੒ࣄۀ (DCON) [75]
ʹΑΓఏڙ͞Εͨ,೔ຊͷՈి঎඼౳ʹؔ͢Δܝࣔ൘ͷHTMLσʔλ͔Βܗଶ
ૉղੳʹΑͬͯநग़͞Εͨ୯ޠͷྻ
reuters.com ಉ͘͡DCONʹΑͬͯఏڙ͞Εͨ,ӳࠃͷχϡʔεαΠτͷHTMLσʔ
λ͔Βநग़͞Εͨ୯ޠͷྻ
6.2 ࣮ݧํ๏
ຊষͷ࣮ݧͰ͸, 3ষͰड़΂ͨΞϓϦέʔγϣϯͰͷ࢖༻Λ૝ఆͨ͠ϓϩάϥϜΛ
༻͍ͯ,σʔλߏ଄ͷੑೳΛଌఆ͢Δ. ͜ͷϓϩάϥϜ͸୯ҰεϨουͰ࣮ߦ͞ΕΔ.
ೖྗσʔλ͸࣮ݧ؀ڥͰࣔͨ͠ SSD্ͷϑΝΠϧʹ֨ೲ͞ΕΔ. ਤ 3.1ʹࣔͨ͠ܗࣜ
ͱಉ༷ʹ,ϑΝΠϧʹ͸ 1ߦʹ͖ͭ 1ͭͷจࣈྻ͕֨ೲ͞ΕΔ. จࣈྻΛσʔλߏ଄ʹ
֨ೲ͢Δͱ͖,ͦͷจࣈྻͷग़ݱॱҐΛ IDͱׂͯ͠Γ౰ͯ,จࣈྻΛΩʔ,ͦͷ IDΛ
஋ͱͯ͠อଘ͢Δ. ϓϩάϥϜͰ͸, N ΛϑΝΠϧͷߦ਺, readline(i)ΛϑΝΠϧͷ i
ߦ໨ΛಡΉؔ਺,mΛσʔλߏ଄ͱ͠,mʹΩʔ kؚ͕·Εͳ͍৔߹ʹ͸m.get(k)͸
∅Λฦ͢ͱ͢Δ. ͜ͷͱ͖,࣮ݧ༻ϓϩάϥϜ͸ҎԼͷٖࣅίʔυͰද͞ΕΔ:
c← 0
for i = 0 to N do
k ← readline(i)
ifm.get(k) = ∅ then
m.put(k, c)
c← c+ 1
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end if
end for
࣮ݧͰ͸,ද 1.1ʹࣔͨ͠ 3ͭͷσʔληοτ͕ೖྗσʔλͱͯ͠࢖༻͞ΕΔ. ϓϩ
άϥϜ࣮ߦத͔,ϓϩάϥϜऴྃޙʹ,σʔλߏ଄mͷϝϞϦ࢖༻ྔ͕ܭଌ͞ΕΔ. ·
ͨ,͜ͷϓϩάϥϜͷ forจΛඵ͋ͨΓԿճ࣮ߦ͢Δ͔Λεϧʔϓοτͱͯ͠ܭଌ͢
Δ. forจ 1ճʹ͖ͭ 1ݸͷΩʔ͕ॲཧ͞ΕΔͨΊ,άϥϑதͰ͸͜ͷεϧʔϓοτΛ
ඵ͋ͨΓʹॲཧ͞ΕΔΩʔͷݸ਺ͱͯ͠දࣔ͢Δ.
6.3 ධՁ࣮ݧͰ༻͍Δ࢖༻ՄೳϝϞϦྔ
ఏҊख๏ OLT1,͓Αͼ OLT2ʹ༗༻ੑ͕͋Δͷ͸,࢖༻ՄೳϝϞϦྔ͕গͳ͍৔߹
Ͱ͋Δ͜ͱ͕༧ଌ͞ΕΔ. ͦ͜Ͱ,·ͣϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠͰ͸,
͢΂ͯͷΩʔΛ֨ೲ͖͠Εͳ͍ఔ౓ͷϝϞϦྔ͔͠ͳ͍ঢ়گͰͷੑೳΛଌఆ͢Δ. ؚ
·ΕΔจࣈྻͷ਺͸σʔληοτʹΑܾͬͯ·͍ͬͯΔͨΊ,࢖༻ՄೳϝϞϦྔ͸σʔ
ληοτ͝ͱʹҟͳΔ஋Λ࢖༻͢Δ.
5.4અͰड़΂ͨΑ͏ʹ, OLT2͸࢖༻ՄೳϝϞϦͷ 5%ΛϚʔδϯͱͯ͠औΔͨΊ,ಉ
͡σʔλΛ֨ೲ͢Δͱ͖ OLT1ΑΓ΋ϝϞϦ࢖༻ྔ͕ଟ͍. ͦͷͨΊ,֤σʔληοτ
Λ OLT2ʹͪΐ͏Ͳ֨ೲͰ͖ΔϝϞϦྔΛ࢖༻ՄೳϝϞϦྔͱ͢Δ. ද 6.1ʹσʔλ
ηοτ͝ͱͷ࢖༻ՄೳϝϞϦྔΛࣔ͢.
࣮ݧͰ͸,͜ΕΒͷݻఆ͞Εͨ࢖༻ՄೳϝϞϦྔʹରͯ͠,σʔληοτ͔Β֨ೲ͢
Δจࣈྻ਺ʹԠͨ͡෦෼ू߹ΛऔΓग़ͯ͠ೖྗ͢Δ. ͜ΕʹΑΓ, OLT1΍ OLT2ʹର
ͯ͠,ϋογϡςʔϒϧʹେ͖ͳϝϞϦΛׂΓ౰ͯΒΕΔέʔε͔Β,΄ͱΜͲׂΓ౰
ͯΒΕͳ͍έʔε·Ͱ࣮ݧର৅ͱ͢Δ͜ͱ͕Ͱ͖Δ.
6.4 ΦϯϥΠϯ LOUDSτϥΠ୯ମͷੑೳ
OLT1Ͱ͸,ίϯύΫτͳσʔλߏ଄ͱͯ͠, 4.3અͰड़΂ͨΦϯϥΠϯ LOUDSτ
ϥΠΛ༻͍Δ. ຊઅͰ͸,͜ͷΦϯϥΠϯ LOUDSτϥΠ୯ମͷੑೳΛࣔ͢. ຊσʔλ
ߏ଄ͱطଘͷ୅දతͳσʔλߏ଄ʹ,ද 1.1ʹࣔͨ͠σʔληοτΛೖྗͯ͠࠷ऴత
ͳαΠζΛൺֱ͢Δ. ຊσʔλߏ଄͸σʔλೖྗͷ్தͰϚʔδʹ൐͏ϝϞϦΛফඅ
ද 6.1: ධՁ࣮ݧͰ༻͍Δ࢖༻ՄೳϝϞϦྔ
NHTSA kakaku.com reuters.com
࢖༻ՄೳϝϞϦྔ 89 MB 269 MB 101 MB
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͢Δ͕,Ұ࣌తͳ΋ͷͰ͋ΔͨΊ͜͜Ͱ͸ߟྀ͠ͳ͍. ࣮ݧʹ͸ 6.2અͷϓϩάϥϜΛ
༻͍Δ. ࣮ݧ؀ڥʹ͸ E2Λ༻͍Δ.
ද 6.2ʹ࣮ݧͷ݁ՌΛࣔ͢. ͜ͷ࣮ݧ݁Ռ͔Β,ಉ͡਺ͷΩʔΛ֨ೲ͢Δ࣌,ຊσʔ
λߏ଄͸ϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠͷΑ͏ͳ୅දతͳطଘͷσʔλߏ଄
ΑΓίϯύΫτͰ͋ͬͨ. ͢ͳΘͪ,ಉ͡࢖༻ՄೳϝϞϦྔͰ,ຊσʔλߏ଄͸ͦΕΒ
ͷσʔλߏ଄ͱൺֱͯ͠ΑΓଟ͘ͷΩʔΛ֨ೲͰ͖Δ.
ΦϯϥΠϯ LOUDSτϥΠ͸,ཧ࿦্࠷খݶͷϏοτ਺ͰσʔλΛද͢ LOUDSτ
ϥΠʹ΄ͱΜͲͷΩʔΛ֨ೲ͢ΔͨΊ,ߴ͍ϝϞϦޮ཰ͰΩʔΛ֨ೲͰ͖Δ. ͨͩ͠,
ຊσʔλߏ଄͸ LOUDSτϥΠΛΦϯϥΠϯߏங͢ΔͨΊʹϒϧʔϜϑΟϧλ΍ೋ෼
୳ࡧτϥΠͷόοϑΝͳͲΛ࢖༻͢ΔͨΊ, LOUDSτϥΠͦͷ΋ͷͱൺֱ͢Δͱϝ
ϞϦ࢖༻ྔ͕େ͖͍. ද 6.2ʹ, LOUDSτϥΠʹಉ͡σʔληοτΛ֨ೲͨ͠৔߹ͷ
αΠζ΋ܭଌͯ͠ซهͨ͠ (੩త LOUDSτϥΠ). ͜Εͱൺֱ͢Δͱ, ຊσʔλߏ଄
͸ 30.5%͔Β 62.2%ϝϞϦ࢖༻ྔ͕ଟ͔ͬͨ. ͜ͷ಺༁͸ 6.10અͰৄ͘͠ݟΔ.
OLT1͸ϒϧʔϜϑΟϧλʹΑͬͯݕࡧੑೳΛߴΊ͍ͯΔ. 6.11અͰ͸ϒϧʔϜϑΟ
ϧλͷޮՌΛௐ΂Δ.
ද 6.2ͷׅހ಺ʹ͜ͷ࣮ݧͷ࣮ߦ࣌ͷฏۉεϧʔϓοτΛࣔͨ͠. OLT1͸,ଞͷख
๏ͱൺֱͯ͠εϧʔϓοτ͕௿͔ͬͨ. 6.5અͰ͸ϋογϡςʔϒϧΛؚΉ OLT1શମ
ͷੑೳΛଌఆ͢Δ.
6.5 OLT1ͷධՁ࣮ݧ
ຊઅͰ͸,ఏҊख๏Ͱ͋Δ OLT1ΛධՁ͢Δ. ͦͷͨΊ,༷ʑͳσʔλετΞͱੑೳ
Λൺֱ͢Δ. ੑೳΛଌఆͨ͠σʔλετΞ͸ҎԼͷ 5छྨͰ͋Δ:
• OLT1
ද 6.2: ఏҊͨ͠ίϯύΫτͳσʔλߏ଄ΦϯϥΠϯ LOUDSτϥΠͱطଘͷख๏ͷ
࢖༻ϝϞϦྔͱεϧʔϓοτͷൺֱ
NHTSA kakaku.com reuters.com
CompactL2O 591 MB (1.91) 1019 MB (2.17) 375 MB (2.92)
Koyanagi HT 345 MB (2.98) 764 MB (4.71) 237 MB (5.01)
DA Trie 124 MB (1.28) 467 MB (2.98) 150 MB (2.77)
ΦϯϥΠϯ LOUDSτϥΠ 77 MB (0.08) 244 MB (0.24) 86 MB (0.19)
੩త LOUDSτϥΠ 59 MB (N/A) 151 MB (N/A) 53 MB (N/A)
ׅހ಺͸εϧʔϓοτ (million keys/sec)
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• ϋογϡςʔϒϧͱμϒϧΞϨΠτϥΠͷ૊Έ߹Θͤ (Hash+DA)
• ϋογϡςʔϒϧ (Hash)
• μϒϧΞϨΠτϥΠ (DA)
• ϋογϡςʔϒϧͱೋ࣍هԱ (SSD)ͷ૊Έ߹Θͤ (Hash+SSD)
OLT1ʹ͸, จࣈྻΛ֨ೲ͢ΔͨΊʹඞཁͳϝϞϦΛআ͍ͨ࢒Γ࢖༻ՄೳϝϞϦΛ
શͯϋογϡςʔϒϧʹׂΓ౰ͯΔ. OLT1͸֨ೲ͢Δจࣈྻͷ਺͕૿͑Δʹैͬͯ
ඞཁͱ͢ΔϝϞϦྔ͕ઢܗʹ૿͑Δ. ࣮ݧͷ৚͔݅Β, શମͷ࢖༻ՄೳϝϞϦྔ͸֨
ೲ͢ΔจࣈྻʹؔΘΒͣҰఆͰ͋ΔͷͰ,ϋογϡςʔϒϧͷαΠζ͸֨ೲ͢Δจࣈ
ྻͷ਺͕૿͑Δͱݮগ͠,ͦΕʹ൐ͬͯεϧʔϓοτ͕ݮগ͢Δ͜ͱ͕༧૝͞ΕΔ.
Hash+DA͸, OLT1ͱಉ͡ख๏Λ༻͍ͯ,ߴ଎ͳσʔλߏ଄ʹϋογϡςʔϒϧ,ί
ϯύΫτͳσʔλߏ଄ʹμϒϧΞϨΠτϥΠΛ഑ஔͨ͠σʔλετΞͰ͋Δ. 4.2અͷ
ܭଌ͔Β,μϒϧΞϨΠτϥΠ͸ͦͷϝϞϦޮ཰ͱੑೳ͕ϋογϡςʔϒϧͱLOUDS
τϥΠͷதؒʹ౰ͨΔσʔλߏ଄Ͱ͋Δ. ͦͷͨΊ, ࢖༻ՄೳϝϞϦྔ͕ݶΒΕΔ৔
߹, Hash+DA͸֨ೲͰ͖Δจࣈྻͷ࠷େ਺͸ OLT1ΑΓ΋গͳ͍΋ͷͷ,จࣈྻΛશ
ͯϋογϡςʔϒϧʹ֨ೲ͖͠Εͳ͍࣌ʹ OLT1ΑΓ΋ߴ଎ʹಈ࡞͢Δ͜ͱ͕༧૝͞
ΕΔ.
Hash+SSD ͸, ೋ࣍هԱΛ༻͍ͨσʔλετΞͰ͋Δ. ࢖༻ՄೳϝϞϦ͸શͯΩ
ϟογϡͱͯ͠ར༻͢Δ. Ωϟογϡʹ͸ Apache Lucene ʹؚ·ΕΔ 3 ষͰࣔͨ͠
TaxonomyWriterCacheͷϋογϡςʔϒϧʹΑΔ࣮૷Λ༻͍Δ. Ωϟογϡஔ͖׵͑Ξ
ϧΰϦζϜ͸ Least Recently Used (LRU)ΞϧΰϦζϜ͕࢖༻͞Ε͍ͯΔ. ͜ͷΩϟο
γϡʹจࣈྻΛ֨ೲ͠,ϝϞϦʹ֨ೲ͖͠Εͳ͘ͳΔͱ,ೋ࣍هԱ্ͷΠϯσΫεʹจ
ࣈྻΛҠಈ͢Δ. ͜ͷ࣮ݧͷ݁Ռ͸ OSͷΩϟογϡΛؚΉੑೳͰ͋ΔͨΊ,γεςϜ
શମͷओهԱ༰ྔ͕ΑΓগͳ͍έʔεͰ͸͞Βʹεϧʔϓοτ͕௿͍஋ʹͳΔՄೳੑ
͕͋Δ. ͜ͷσʔλετΞͷੑೳ͸ OLT1͕༗༻ੑΛ࣋ͭεϧʔϓοτͷԼݶͱͯ͠
ࢀߟʹܝࡌͨ͠. ओهԱͷΈΛར༻͢ΔΠϯϝϞϦσʔλετΞͱൺֱͯ͠, ೋ࣍ه
ԱΛ༻͍ΔσʔλετΞ͸֨ೲͰ͖Δจࣈྻͷ਺͕ଟ͍. ैͬͯ, ΠϯϝϞϦσʔλ
ετΞͰ͋Δ OLT1͸,ೋ࣍هԱΛ༻͍Δ Hash+SSDͷΑ͏ͳσʔλετΞΑΓ΋ߴ
͍εϧʔϓοτΛൃش͢Δ৔߹ʹ༗༻ੑ͕͋Δ.
σʔληοτʹ͸ද 1.1ʹࣔͨ͠ NHTSA, kakaku.com,͓Αͼ reuters.comͷ֤σʔ
ληοτΛ༻͍Δ. ࢖༻ՄೳϝϞϦʹ͸ද 6.1ʹࣔͨ͠஋Λ࢖༻͢Δ. ֤σʔληοτ
ʹରͯ͠ઃఆ͞Ε࣮ͨݧํ๏ʹ͸ 6.4અͱಉ͘͡ 6.2અͷϓϩάϥϜΛ༻͍Δ.
ϋογϡςʔϒϧͷ࣮૷ʹ͸ද 4.1ʹࣔͨ͠ Koyanagi HTΛ༻͍Δ. ࣮ݧ؀ڥʹ͸
༧උ࣮ݧͱಉ༷ʹ E2Λ༻͍Δ.
ຊ࣮ݧͷ݁ՌΛσʔληοτ͝ͱʹਤ 6.1 (NHTSA),ਤ 6.2 (kakaku.com)͓Αͼਤ
6.3 (reuters.com)ʹࣔ͢. άϥϑͷԣ࣠͸֨ೲ͢Δจࣈྻͷ਺ (୯Ґ͸ඦສ)Λ,ॎ࣠͸
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εϧʔϓοτ (୯Ґ͸ඦສ/ඵ)Λද͍ͯ͠Δ. ͜ͷ࣮ݧͰ͸,࢖༻ՄೳϝϞϦྔ੍͕ݶ
͞Ε͍ͯΔͨΊ,֨ೲ͢΂͖Ωʔ਺͕ଟ͍ྖҬͰ͸ϋογϡςʔϒϧ΍μϒϧΞϨΠ
τϥΠͳͲ࢖༻Ͱ͖ͳ͍σʔλετΞ͕͋Δ. άϥϑͷઢ్͕தͰ్੾Ε͍ͯΔͷ͸
͜ͷͨΊͰ͋Δ.
͜ͷ࣮ݧ݁Ռ͔Β, OLT1͸ϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠΑΓ΋εϧʔ
ϓοτ͕௿͍͕,ΑΓଟ͘ͷΩʔΛ֨ೲͰ͖Δ͜ͱ͕֬ೝ͞Εͨ. OLT1͸,࣮ݧʹ࢖
༻ͨ͠ͲͷσʔληοτͰ΋,ೋ࣍هԱΛ࢖༻͢Δ Hash+SSDσʔλετΞΑΓ΋ߴ
͍εϧʔϓοτΛࣔͨ͠. ͕ͨͬͯ͠, OLT1͸,֨ೲ͢΂͖จࣈྻ਺ʹରͯ͠࢖༻Մ
ೳϝϞϦྔ͕গͳ͘,μϒϧΞϨΠτϥΠͳͲͷଞͷσʔλߏ଄Ͱ͸ओهԱʹ֨ೲ͠
͖Εͳ͍৔߹ʹ༗༻ੑ͕͋Δ.
·ͨ, Hash+DA͸,σʔληοτʹΑͬͯ͸,μϒϧΞϨΠτϥΠࣗ਎΍ OLT1ΑΓ
΋εϧʔϓοτͷߴ͍ൣғ͕͋Δ͜ͱ͕֬ೝ͞Εͨ. ͔͠͠,ͦͷൣғ͸޿͘͸ͳ͘,
reuters.comͷΑ͏ʹ,ग़ݱස౓෼෍ʹΑΓۃ୺ͳภΓͷ͋ΔσʔληοτͰ͸΄ͱΜ
ͲޮՌ͕ͳ͍.
6.6 ΦϯϥΠϯ LOUDSτϥΠߏஙͷ؍ଌ
ຊઅͰ͸, OLT1ͷ࣮ࡍͷಈ࡞ͷ༷ࢠʹ͍ͭͯৄ͘͠ݟΔ. 6.5 અͷ࣮ݧͰ, ֤σʔ
ληοτͷશจࣈྻΛ֨ೲͨ͠৔߹ͷϝϞϦ࢖༻ྔͷਪҠΛਤ 6.4 (NHTSA), ਤ 6.6
(kakaku.com), ͓Αͼ, ਤ 6.8 (reuters.com) ʹࣔ͢. άϥϑͷԣ࣠͸ܦա࣌ؒ (୯Ґ͸
ඵ),ॎ࣠͸࢖༻ϝϞϦྔ (୯Ґ͸MB)Ͱ͋Δ.
OLT1Ͱ͸, 4.3.7અͰड़΂ͨํ๏ͰόοϑΝτϥΠʹϝϞϦΛׂΓ౰ͯΔ. ͜ͷ࣮
ݧͰ͸,όοϑΝτϥΠ΁ 4ສ݅ͷจࣈྻΛอ࣋Ͱ͖Δ͚ͩͷϝϞϦΛׂΓ౰ͯͨ. ·
ͨ, 4.1અͰड़΂ͨํ๏ͰϋογϡςʔϒϧʹϝϞϦΛׂΓ౰ͯΔ. ϋογϡςʔϒϧ
ʹ͸,ར༻ՄೳͳϝϞϦ͔Β࠷ऴతʹΦϯϥΠϯ LOUDSτϥΠ୯ମ͕શͯͷΩʔΛ
อ࣋͢ΔͨΊʹ࢖͏ϝϞϦΛࠩ͠Ҿ͍ͨ࢒ΓͷϝϞϦΛׂΓ౰ͯͨ. ͜ͷ࣮ݧͰ͸,
NHTSAͰ͸ 7.7ສ݅, kakaku.comͰ͸ 19ສ݅, reuters.comͰ͸ 36ສ݅ͷจࣈྻΛอ
࣋Ͱ͖Δ͚ͩͷϝϞϦΛϋογϡςʔϒϧʹׂΓ౰ͯͨ. ͜ΕΒͷਤͷΑ͏ʹσʔλ
ετΞͷ࢖༻ϝϞϦྔΛ࣌ܥྻͰݟΔͱ,࠷ऴతʹϝϞϦΛ࢖͍੾͍ͬͯΔ͜ͱ͕Θ
͔Δ. ͔͠͠, ·ͩ֨ೲ͢Δจࣈྻͷ਺͕গͳ͍࣌఺Ͱ͸࢖༻ՄೳϝϞϦ͕ଟ͘࢒͞
Ε͍ͯΔ͜ͱ͕Θ͔Δ.
ਤ 6.5 ͸ਤ 6.4 ͱରԠ͢ΔεϧʔϓοτͷਪҠΛ͍ࣔͯ͠Δ. ͜ͷਤ͸, 1ඵ͝ͱ
ʹ۠੾ͬͨ΢Οϯυ΢಺ͷฏۉεϧʔϓοτΛϓϩοτͨ͠΋ͷͰ͋Δ. ࣮ݧ։࢝ޙ,
LOUDSτϥΠͷ૿Ճʹ൐ͬͯେ͖͘εϧʔϓοτ͕௿Լ͢Δ͕,ͦͷޙ, LOUDSτ
ϥΠͷϚʔδʹΑͬͯ LOUDSτϥΠͷݸ਺͕Ұఆ਺Ҏ্૿Ճ͠ͳ͘ͳΔͱ,ڊࢹత
ʹ͸εϧʔϓοτͷݮਰ͸؇΍͔ʹͳΔ. Ϛʔδ͕ൃੜ͢ΔͨͼʹҰ࣌తʹॲཧ͕ఀ
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ਤ 6.1: OLT1ͷ֨ೲจࣈྻ਺ͱεϧʔϓοτͷؔ܎ (NHTSA 2.5ԯ݅, 89MB)
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ਤ 6.2: OLT1ͷ֨ೲจࣈྻ਺ͱεϧʔϓοτͷؔ܎ (kakaku.com 15ԯ݅, 269MB)
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ਤ 6.3: OLT1ͷ֨ೲจࣈྻ਺ͱεϧʔϓοτͷؔ܎ (reuters.com 10ԯ݅, 101MB)
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ࢭ͢Δ.
ਤ 6.7͓Αͼਤ 6.9΋,ͦΕͧΕਤ 6.6͓Αͼਤ 6.8ʹରԠ͢Δεϧʔϓοτͷάϥ
ϑͰ͋Δ. ͲͷσʔληοτͰ΋,όοϑΝτϥΠͷαΠζ͓ΑͼϚʔδΛߦ͏LOUDS
τϥΠͷݸ਺͕ಉ͡਺ʹઃఆ͞Ε͍ͯΔͨΊ, Ϛʔδͷִؒ͸ಉ͡਺ͷจࣈྻ͕ put
͞ΕΔ͝ͱʹൃੜ͢Δ͕,άϥϑ্ͰͷεύΠΫͷִؒ͸ҟͳ͍ͬͯΔ.
6.7 OLT1ͷ࢖༻ՄೳϝϞϦͱεϧʔϓοτͷؔ܎
ຊઅͰ͸, OLT1ͷ࢖༻ՄೳϝϞϦͱεϧʔϓοτͷؔ܎Λௐ΂Δ. ೖྗσʔλʹ͸,
ද 1.1ͷ 3ͭͷσʔληοτΛ༻͍Δ. ࣮ݧ؀ڥʹ͸ E2Λ༻͍Δ. ࣮ݧ͸, OLT1ͷ࢖
༻ՄೳϝϞϦྔΛมԽͤ͞,ͦ͜ʹ, 6.2અͷϓϩάϥϜΛ༻͍ͯσʔλΛશͯೖྗ͢
Δ. ࢖༻ՄೳϝϞϦྔ͸,ද 6.1Λݩʹ, 1ഒ, 1.5ഒ, 2ഒ,͓Αͼ 2.5ഒʹ͍ͭͯܭଌΛ
ߦͬͨ.
ද 6.3ʹ࣮ݧ݁ՌΛࣔ͢. දͷ֤ྻ͸, σʔληοτ͝ͱʹ, ࢖༻ՄೳϝϞϦ (ϝϞ
Ϧ),ઃఆͨ͠ϋογϡςʔϒϧͷαΠζ (ϋογϡ),͓Αͼฏۉεϧʔϓοτ (݅/ඵ)
Λද͍ͯ͠Δ.
OLT1͸, ίϯύΫτͳσʔλߏ଄ʹׂΓ౰ͯͨϝϞϦҎ֎ͷ࢒Γ࢖༻ՄೳϝϞϦ
ΛશͯϋογϡςʔϒϧʹׂΓ౰ͯΔ. ͦͷͨΊ,࢖༻ՄೳϝϞϦྔ͕ଟ͘ͳΔͱ,ε
ϧʔϓοτ͸ߴ͘ͳΔ. ͜ͷઃఆ͸ݟੵ΋ΓʹΑͬͯखಈͰߦͬͨͨΊޡ͕ࠩ͋Δ.
OLT1͕࣮ࡍʹ࢖༻ͨ͠ϝϞϦ͸࢖༻ՄೳϝϞϦͷ໿ 82%͔Β 93%Ͱ͋ͬͨ.
͜ͷ࣮ݧͰ͸,༩͑ΒΕͨ࢖༻ՄೳϝϞϦྔʹରͯ͠εϧʔϓοτ͸΄΅ઢܗʹͳͬ
͍ͯΔ. ϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠΛ୯ମͰ࢖༻ͨ͠৔߹ʹ͸, ࢖༻Մ
ೳϝϞϦ͕ଟ͘ͳΔͱ,֨ೲͰ͖Δจࣈྻͷ਺͸૿͑Δ͕,εϧʔϓοτ͕େ͖͘૿Ճ
͢Δ͜ͱ͸ͳ͍.
ද 6.3: OLT1ͷ࢖༻ϝϞϦྔͱεϧʔϓοτͷؔ܎
NHTSA kakaku.com reuters.com
ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ
89 MB 52ສ 269 MB 98ສ 101 MB 197ສ
134 MB 93ສ 404 MB 124ສ 152 MB 273ສ
178 MB 117ສ 538 MB 171ສ 202 MB 342ສ
223 MB 142ສ 673 MB 239ສ 253 MB 422ສ
74
010
20
30
40
50
60
70
80
90
0 50 100 150 200 250 300 350 400 450
	





(M
B)

 ()
NHTSA,	OLT1	(LRU	7.7),	  89	MB
LOUDS Trie Hash
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ਤ 6.6: OLT1ͷ࢖༻ϝϞϦྔͷਪҠ (kakaku.com 15ԯ݅, 269MB)
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ਤ 6.7: OLT1ͷεϧʔϓοτͷਪҠ (kakaku.com 15ԯ݅, 269MB)
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ਤ 6.8: OLT1ͷ࢖༻ϝϞϦྔͷਪҠ (reuters.com 10ԯ݅, 101MB)
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ਤ 6.9: OLT1ͷεϧʔϓοτͷਪҠ (reuters.com 10ԯ݅, 101MB)
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6.8 OLT1ʹΑΔΑΓେ͖ͳσʔλͷॲཧ
ຊઅͰ͸,ΑΓେ͖ͳσʔληοτʹΑΔ OLT1ͷ࣮ݧ݁ՌΛࣔ͢. ΑΓେ͖ͳσʔ
ληοτͱͯ͠, dumps.wikimedia.orgʹެ։͞Ε͍ͯΔWikipedia [23]ͷΞʔΧΠϒ
Λجʹͨ͠σʔλΛ༻͍Δ. ར༻ͨ͠σʔλ͸ 2008೥ 1݄࣌఺ͷӳޠ൛Wikipediaͷ
HTMLશϖʔδΛ tarʹΑΓ 1ͭͷϑΝΠϧʹΞʔΧΠϒͨ͠σʔλͰ͋Δ. ͜ͷϑΝ
Πϧ͔Β,ӳ਺ࣈ,εϖʔεͰͳ͍ Unicodeจࣈ, ‘$’͓Αͼ ‘ ’͔ΒͳΔ୯ޠΛશͯந
ग़ͨ͠. จࣈͷ൑ผʹ͸ Character.isJavaIdentifierPart()Λ༻͍ͨ. ͞Β
ʹ,ྡ઀͢Δ 2୯ޠͷ૊Έ߹ΘͤΛจࣈྻͱͯ͠நग़ͨ͠. ͜͏ͯ͠நग़ͨ͢͠΂ͯͷ
จࣈྻΛؚΉσʔληοτΛWikipedia-enͱ͢Δ. ͜ͷσʔληοτͷৄࡉΛද 6.4
ʹࣔ͢.
࢖༻ՄೳϝϞϦྔΛ 8 GBͱ͠,࣮ݧ؀ڥ E2Λ࢖༻ͯ͠σʔληοτWikipedia-en
Λ OLT1ʹ֨ೲ͢Δ࣮ݧΛߦͳͬͨ. σʔληοτWikipedia-en͸,͜ͷ࢖༻ՄೳϝϞ
ϦྔͰ͸,ϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠͰ͸ѻ͏͜ͱ͕Ͱ͖ͳ͍. ͜ͷ࣮ݧ
Ͱ͸,σʔληοτͷେ͖͞ͱ࢖༻ՄೳϝϞϦྔ͔Β,όοϑΝαΠζΛ 32ສ݅,ϋο
γϡςʔϒϧͷαΠζΛ 465ສ݅ͱͨ͠. ͜ͷ࣮ݧͷϝϞϦ࢖༻ྔͷਪҠΛਤ 6.10ʹ
ࣔ͢. ͜ͷਤͷԣ࣠͸ܦա࣌ؒ (࣌ؒ),ॎ࣠͸ϋογϡςʔϒϧ (Hash),όοϑΝτϥ
Π (Trie)͓Αͼ LOUDSτϥΠ (LOUDS)ͷ֤࢖༻ϝϞϦྔ (GB)ΛੵΈ্͛άϥϑ
Ͱද͍ͯ͠Δ.
ਤ 6.10ͷ݁Ռ͸,ਤ 6.4,ਤ 6.6,͓Αͼ,ਤ 6.8ͱΑ͘ࣅ͍ͯΔ. ͜ͷ݁Ռ͔Β, OLT1
͸,ϋογϡςʔϒϧ΍μϒϧΞϨΠτϥΠͰ͸ѻ͑ͳ͍Α͏ͳେ͖ͳσʔληοτ
ʹ͍ͭͯ΋ಈ࡞͢Δ͜ͱ͕֬ೝ͞Εͨ.
6.9 όοϑΝτϥΠͷαΠζͱΦϯϥΠϯ LOUDSτϥΠ
ͷੑೳ
4.3.7߲Ͱ͸, OLT1ʹ͓͚ΔόοϑΝτϥΠͷαΠζΛܾఆ͢Δํ๏ʹ͍ͭͯड़΂
ͨ. ຊઅͰͦͷํ๏ͷଥ౰ੑΛ࣮ݧʹΑΓࣔ͢. ͜ͷ࣮ݧͰ͸,όοϑΝτϥΠͷαΠ
ζΛมԽͤ͞,༩͑ΒΕͨσʔληοτΛ֨ೲ͢Δ·ͰͷฏۉͷεϧʔϓοτΛଌఆ
͢Δ. ͳ͓,όοϑΝτϥΠͷޮՌΛݟΔͨΊ, OLT1ͷϋογϡςʔϒϧ͸ແޮʹ͠
ͯܭଌΛߦ͏. σʔληοτʹ͸,ද 1.1ʹࣔͨ͠ 3ͭͷσʔληοτΛ༻͍Δ. ͜ͷ
࣮ݧͷ݁ՌΛਤ 6.11ʹࣔ͢.
࣮ݧͷ݁Ռ͔Β,͜ΕΒͷσʔληοτͰ͸,όοϑΝτϥΠͷαΠζ͕͓Αͦ 4ສ
ݸҎ্Ͱ͸εϧʔϓοτͷมԽ͸؇΍͔͕ͩ, 4ສݸҎԼͰ͸εϧʔϓοτ͕ٸܹʹ
௿Լ͢Δ͜ͱ͕Θ͔Δ. ͕ͨͬͯ͠,ϝϞϦ࢖༻ྔΛগͳ͘཈͑Δʹ͸όοϑΝτϥΠ
ͷαΠζΛ 4ສݸఔ౓ʹઃఆ͢Δͷ͕ྑ͍͜ͱ͕Θ͔Δ.
78
ද 6.4: ӳޠ൛Wikipedia͔Β࡞੒ͨ͠σʔληοτ
Wikipedia-en
நग़͞Εͨจࣈྻͷ૯਺ 618ԯ݅
நग़͞ΕͨσʔλαΠζ 489 GB
நग़͞Εͨจࣈྻͷฏۉ௕ 8.48όΠτ
ॏෳΛআ͍ͨจࣈྻͷ਺ 4.65ԯ݅
ॏෳΛআ͍ͨσʔλαΠζ 7.99 GB
ॏෳΛআ͍ͨจࣈྻͷฏۉ௕ 18.43όΠτ
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ਤ 6.10: OLT1ͷ࢖༻ϝϞϦྔͷਪҠ (Wikipeida-en 618ԯ݅, 8GB)
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ਤ 6.11: όοϑΝτϥΠͷαΠζͱΦϯϥΠϯ LOUDSτϥΠ୯ମͷੑೳͷؔ܎ (x͸
όοϑΝαΠζ͕ 4ສݸͷͱ͖ͷεϧʔϓοτ)
6.10 ΦϯϥΠϯ LOUDSτϥΠͷϝϞϦ಺༁
ຊઅͰ͸, 6.4અͷ࣮ݧͰ࢖༻ͨ͠,ΦϯϥΠϯ LOUDSτϥΠ୯ମͷϝϞϦͷ಺༁
Λଌఆ͢Δ.
͜͜Ͱ͸Ωʔͱ஋ͷϖΞΛ֨ೲͨ͠ޙͷ LOUDSτϥΠͱϒϧʔϜϑΟϧλͷαΠ
ζΛܭଌ͢ΔͨΊ, OLT1ͷϋογϡςʔϒϧ͸ແޮͱ͠,όοϑΝτϥΠͷαΠζ΋
ଌఆର৅֎ͱ͢Δ. ද 1.1ͷ 3ͭͷσʔληοτΛೖྗσʔλͱ͢Δ. 6.2અͷ࣮ݧϓ
ϩάϥϜΛ࢖༻ͯ͠ΦϯϥΠϯ LOUDSτϥΠΛ࡞੒͠,Ϛʔδͨ͠ޙʹ࢖༻ϝϞϦ
ྔΛଌఆ͢Δ. ϒϧʔϜϑΟϧλͷ࣮૷ 1Λ༻͍Δ. ࣮ݧ؀ڥʹ͸ E2Λ༻͍Δ.
LOUDS τϥΠʹ͸ LOUDS ࣗ਎ͷଞʹ, ֤ϊʔυͷจࣈΛ֨ೲ͢Δ EDGE ΍, ༿
ϊʔυΛද͢ LEAF, จࣈྻʹରԠ͢Δ੔਺஋Λ֨ೲ͢Δ VAL, ࠷খ઀಄ࣙτϥΠͷ
ͨΊʹ࢒Γͷ઀ඌࣙΛ֨ೲ͢Δ TAIL ͳͲ, LOUDS τϥΠʹରͯ͠େ͖ͳׂ߹Λ઎
ΊΔσʔλߏ଄ؚ͕·ΕΔ.
ਤ 6.12ʹଌఆͨ͠ΦϯϥΠϯ LODUSτϥΠͷϝϞϦ࢖༻ྔͷ಺༁Λࣔ͢. LOUDS
ͷϏοτྻ͸ߴ͍ϝϞϦޮ཰Λ࣋ͭͨΊ, ͦͷαΠζ͸શମͷ 4.0% (NHTSA) ͔Β
4.6% (reuters.com) ʹա͗ͳ͍. Ұํ, EDGE ͷαΠζ͸ 14.6% (NHTSA) ͔Β 16.8%
(reuters.com), VAL͸ 33.5% (reuters.com)͔Β 36.6% (NHTSA), TAIL͸ 27.7% (NHTSA)
͔Β 29.7% (kakaku.com)ͷେ͖͞Λ઎ΊΔ. LEAF͸ LOUDSͱಉ͡αΠζͰ͋ͬͨ.
͜ΕΒͷׂ߹͸,ೖྗσʔλʹؚ·ΕΔจࣈྻͷ௕͞΍όϦΤʔγϣϯʹΑͬͯมԽ
͢Δ. ͜ͷ࣮ݧͰ͸, 4.4.1߲Ͱड़΂ͨ௨Γ,ϋογϡଟॏ౓Λ k,Ωʔͷ਺Λ N ͱͨ͠
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ͱ͖,ϒϧʔϜϑΟϧλ (BF)ʹ 1.44kN Ϗοτׂ͕Γ౰ͯΒΕΔ. ͦͷׂ߹͸ 12.1%
(reuters.com)͔Β 13.2% (NHTSA)Ͱ͋ͬͨ.
ਤ 6.13͸,֨ೲ͢Δจࣈྻ਺ͱϒϧʔϜϑΟϧλͷશମʹ઎ΊΔαΠζͷׂ߹ͷؔ
܎Λࣔͨ͠άϥϑͰ͋Δ. ͜ͷͱ͖ͷϒϧʔϜϑΟϧλͷϋογϡଟॏ౓͸ 8Ͱ͋Δ.
Ωʔͷ਺͕ଟ͘ͳΔͱଞͷσʔλߏ଄΋ڞʹେ͖͘ͳΔͨΊ,શମʹ઎ΊΔϒϧʔϜ
ϑΟϧλͷׂ߹ʹ΋େ͖ͳҧ͍͸ແ͘,ͦͷαΠζൺ͸͓Αͦ 9%͔Β 18%Ͱ͋ͬͨ.
֤σʔληοτͷશͯͷจࣈྻΛ֨ೲͨ࣌͠ͷϒϧʔϜϑΟϧλΛؚΉLOUDSτϥΠ
શମͷαΠζ͸, 68 MB (NHTSA), 210 MB (kakaku.com),͓Αͼ 73 MB (reuters.com)
Ͱ͋ͬͨ. ϒϧʔϜϑΟϧλ୯ମͷαΠζ͸, 9.0 MB (NHTSA), 26 MB (kakaku.com),
͓Αͼ 8.8 MB (reuters.com)Ͱ͋ͬͨ.
6.11 ϒϧʔϜϑΟϧλʹΑΔݕࡧੑೳͷ޲্
ఏҊख๏ OLT1Ͱ͸ݕࡧ଎౓ͷ޲্ΛૂͬͯϒϧʔϜϑΟϧλΛ෇Ճ͢Δ. ݕࡧର
৅ͱ͢΂͖ LOUDSτϥΠͷݸ਺ΛߜΓࠐΉ͜ͱʹΑͬͯ, LOUDSτϥΠͷ਺͕૿
͑ͨ৔߹Ͱ΋, ݕࡧ଎౓ͷ௿Լ͕؇΍͔ʹͳΔ͜ͱ͕ظ଴͞ΕΔ. ҎԼͰ͸, Ωʔ͕
σʔλߏ଄ʹؚ·Ε͍ͯΔ৔߹ (Existent)ͱ,ؚ·Ε͍ͯͳ͍৔߹ (Non-existent)ʹ෼
͚ͯ, LOUDSτϥΠͷݸ਺ʹର͢Δݕࡧ଎౓ͷมԽΛௐ΂Δ. ͳ͓, LOUDSτϥΠ
΍ϒϧʔϜϑΟϧλͷޮՌΛଌఆ͢ΔͨΊ, OLT1ͷϋογϡςʔϒϧ͸ແޮͱ͢Δ.
ϒϧʔϜϑΟϧλͷ࣮૷ 2Λ༻͍Δ. ࣮ݧ؀ڥʹ͸ E1Λ༻͍Δ.
4.4.3߲ͷϞσϧʹΑΔ༧ଌʹΑΕ͹,ϒϧʔϜϑΟϧλʹΑΔݕࡧੑೳ޲্ͷޮՌ
͸ݕࡧ࣌ͷΩʔͷ༗ແʹΑͬͯେ͖͘ҟͳΔ. ͕ͨͬͯ͠, ຊઅͷ࣮ݧͰ͸Ωʔ͋Γ
ͷݕࡧͱΩʔͳ͠ͷݕࡧ͕Ͱ͖ΔΑ͏ʹ,΋ͱͷσʔληοτΛҎԼͷΑ͏ʹߏ੒͠
௚࣮ͯ͠ݧΛߦ͏.
NHTSAͷετϦʔϜ͔ΒॏෳΛআ͍ͨ 640ສݸͷΩʔϫʔυͷ಺, 320ສݸͷΩʔ
Λೖྗͯ͠ LOUDSτϥΠΛߏங͢Δ. Ωʔؚ͕·ΕΔ৔߹ͷ࣮ݧʹ͸,ೖྗͨ͠ 320
ສݸͷΩʔϫʔυΛ, Ωʔؚ͕·Εͳ͍৔߹ͷ࣮ݧʹ͸, ೖྗ͠ͳ͔ͬͨ 320ສݸͷ
ΩʔϫʔυΛ, ͦΕͧΕݕࡧΩʔͱͯ͠, ݕࡧεϧʔϓοτ (Queries/sec)Λܭଌ͢Δ.
ܭଌ࣌͸ݕࡧ͚ͩΛߦ͏ͨΊ, 6.2અͰड़΂ͨϓϩάϥϜΛมߋͨ͠ҎԼͷϓϩάϥϜ
Λ༻͍Δ:
c← 0
for i = 0 to N do
k ← readline(i)
m.get(k)
end for
࠷ॳʹ,ఏҊख๏ʹదͨ͠ϋογϡଟॏ౓ΛٻΊΔͨΊ,ϋογϡଟॏ౓͝ͱʹݕࡧ
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ਤ 6.12: ΦϯϥΠϯ LOUDSτϥΠ୯ମͷϝϞϦ಺༁
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ਤ 6.13: LOUDSτϥΠʹ֨ೲ͢ΔΩʔ਺ͱϒϧʔϜϑΟϧλ͕઎ΊΔׂ߹
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ਤ 6.14: ϒϧʔϜϑΟϧλ෇͖ LOUDSτϥΠͷϋογϡଟॏ౓ͱݕࡧੑೳ
ੑೳΛௐ΂Δ. ର৅ͱ͢ΔϒϧʔϜϑΟϧλ෇͖ LOUDSτϥΠͷݸ਺͸ 8ݸͱ͢Δ.
ਤ 6.14͸,ͦͷ݁ՌΛࣔ͢άϥϑͰ͋Δ.
Ωʔͷ༗ແʹ͔͔ΘΒͣଟॏ౓ 4Λڥʹେ͖ͳੑೳ޲্͸ݟΒΕͳ͘ͳΔ. ϋογϡ
ଟॏ౓Λ૿΍͢ͱِཅੑ֬཰͸Լ͕Γ,ΑΓਖ਼֬ʹݕࡧ͢΂͖ LOUDSτϥΠΛબ୒
Ͱ͖ΔΑ͏ʹͳΔ. ಛʹ,Ωʔؚ͕·Εͳ͍έʔεͰ͸,ِཅੑ֬཰ͷ௿Լͱڞʹ,΄
ͱΜͲ LOUDSτϥΠʹର͢Δݕࡧ͸ൃੜ͠ͳ͘ͳΔ.
ੑೳͷܭଌʹ༻͍ͨϒϧʔϜϑΟϧλͷ࣮૷ 2Ͱ͸,ϏοτྻͷαΠζΛ 2ͷ΂͖
৐ʹ͢Δ͜ͱͰ,ϋογϡ஋ͷ৒༨Λߴ଎ʹߦ͏. ͜ΕʹΑΓ,ϋογϡଟॏ౓ 2͔Β
3ͱ, 4͔Β 7͸,ͦΕͧΕϏοτྻ͕ಉ͡αΠζͰ͋ͬͨ. ϒϧʔϜϑΟϧλ͸,Ϗο
τྻͷαΠζ͕ಉ͡৔߹,ϋογϡଟॏ౓Λ૿΍͢ͱܭࢉྔ͕૿͑Δ. ਤ 6.14Ͱ͸,ಉ
͡Ϗοτ਺Λ࣋ͭϋογϡଟॏ౓ 4͔Β 7Ͱεϧʔϓοτ͕Լ͕͍ͬͯΔͷ͸͜ͷͨ
ΊͰ͋Δ. ϋογϡଟॏ౓ 8ͷ৔߹͸,ϏοτྻͷαΠζ͕ଟॏ౓ 4͔Β 7ͷ৔߹ͷ 2
ഒʹͳΔ͕,ͦΕʹΑΔِཅੑ֬཰ͷվળ͕ܭࢉίετͷ্ঢʹରͯ͠খ͍ͨ͞Ί,͜
ͷ࣮ݧͰ͸,ੑೳ͸վળ͠ͳ͔ͬͨ.
࣍ʹ, LOUDSτϥΠͷݸ਺͕૿͑ͨ৔߹ʹϒϧʔϜϑΟϧλ͕ͲͷΑ͏ʹޮՌΛ
ൃش͢Δ͔Λ࣮ݧͰ֬ೝ͢Δ. ͜ͷ࣮ݧ͸, 4.4.3߲ͷϞσϧΛݕূ͢Δ࣮ݧʹ͋ͨΔ.
ਤ 6.15͸,ϋογϡଟॏ౓ 4ͷ࣌ʹ, LOUDSτϥΠͷݸ਺ͷ૿Ճʹରͯ͠,શମͷݕ
ࡧ଎౓͕ͲͷΑ͏ʹมԽ͢Δ͔Λௐ΂ͨ݁ՌͰ͋Δ. LOUDSτϥΠ͸શೖྗ (֤ࢼߦ
ͰҰఆ)Λ౳෼ͨ͠਺ͷೖྗΛอ࣋͠,όοϑΝτϥΠ͸ۭͰ͋ΔͱԾఆ͍ͯ͠Δ. ԣ
࣠͸ݕࡧର৅ͱͳΔ LOUDSτϥΠͷݸ਺Λࣔ͠,όοϑΝτϥΠ͸ݸ਺ʹؚ·Εͳ
͍. ॎ࣠͸ݕࡧ଎౓ΛϩάεέʔϧͰࣔ͢.
ϒϧʔϜϑΟϧλ͕ແ͍৔߹ʹ͸ LOUDSτϥΠͷ਺͕૿͑Δʹैͬͯݕࡧ଎౓͸
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ਤ 6.15: LOUDSτϥΠͷݸ਺ͱݕࡧ଎౓ͷؔ܎ (࣮ݧ݁Ռ)
େ͖͘௿Լ͢Δ. Ұํ,ϒϧʔϜϑΟϧλΛ෇Ճͨ͠৔߹Ͱ͸,ݕࡧΩʔؚ͕·ΕΔͱ
͖ʹ͸େ͖ͳ଎౓ͷ௿Լ͸ݟΒΕͳ͍. ·ͨ, ݕࡧΩʔؚ͕·Εͳ͍ͱ͖ʹ͸, ಛʹ
LOUDSτϥΠͷݸ਺͕গͳ͍৔߹ʹݕࡧ଎౓͕ߴ͘ͳΔ. ͜Ε͸, ϒϧʔϜϑΟϧ
λʹΑͬͯ,ݕࡧ͢΂͖ LOUDSτϥΠΛޮՌతʹબ୒Ͱ͖͍ͯΔ͜ͱΛ͍ࣔͯ͠Δ.
Ωʔؚ͕·Ε͍ͯͳ͍৔߹Ͱ΋, LOUDSτϥΠͷ਺͕ଟ͘ͳΔͱ,ෆཁͳ LOUDSτ
ϥΠͷݕࡧ͕ൃੜͯ͠,ͦͷݕࡧ଎౓͸Ωʔ͕ଘࡏ͢Δ৔߹ͷ଎౓ʹ͍͍ۙͮͯ͘. ͜
ΕΒͷۂઢ͸ 4.4.3߲ͰܭࢉʹΑͬͯٻΊͨਤ 4.10ͷۂઢͱΑ͘Ұக͢Δ.
͜ΕΒͷ࣮ݧ݁Ռ͔Β,ఏҊख๏ʹΑͬͯ LOUDSτϥΠͷݸ਺͕૿͑ͨ৔߹Ͱ΋,
LOUDSτϥΠͷݸ਺͕ 1ͭͷ৔߹ʹൺ΂ͯݕࡧੑೳ͕େ͖͘௿Լ͠ͳ͍͜ͱ͕֬ೝ
͞Εͨ. ·ͨ,ݕࡧΩʔ͕Ͳͷ LOUDSʹ΋ؚ·Εͳ͍৔߹ʹ͸,୯Ұͷ LOUDSτϥ
Πͷݕࡧ଎౓Λ௒͑ͯߴ͍ੑೳΛࣔ͢͜ͱ͔Β,৽نΩʔʹΑΔݕࡧ͕ଟ͘ൃੜ͢Δ
৔߹ʹ͸શମͷੑೳΛߴΊΔޮՌ΋͋Δ.
6.12 ΞϓϦέʔγϣϯΛ૝ఆͨ͠ϒϧʔϜϑΟϧλͷޮ
Ռଌఆ
࣍ʹ, 3ষͷΞϓϦέʔγϣϯΛ૝ఆ͠, 6.2અͷ࣮ݧϓϩάϥϜΛ༻͍ͯϒϧʔϜ
ϑΟϧλͷޮՌΛଌఆ͢Δ. LOUDSτϥΠ΍ϒϧʔϜϑΟϧλͷޮՌΛଌఆ͢Δͨ
Ί, OLT1 ͷϋογϡςʔϒϧ͸ແޮͱ͢Δ. ࣮ݧ؀ڥʹ͸ E1Λ༻͍Δ. σʔλʹ͸
NHSTAΛ༻͍Δ.
ຊઅͷ࣮ݧͰ͸, LOUDSτϥΠͷݸ਺,͓ΑͼϒϧʔϜϑΟϧλͷ༗ແͱΞϓϦέʔ
84
0
2
4
6
8
10
12
14
16
18
20
1 3 5 7 1 3 5 7
without Bloom Filters with Bloom Filters
Pr
oc
es
sin
g 
Ti
m
e 
(1
00
0 
se
c)
Maximum Number Of LOUDS Tries
Accumulated Build Time Accumulated Query Time
ਤ 6.16: ϒϧʔϜϑΟϧλʹΑΔ LOUDSτϥΠߏஙͱݕࡧͷߴ଎Խ (NHTSA)
γϣϯͷॲཧ࣌ؒͷؔ܎Λௐ΂Δ. ͜ͷͨΊ, LOUDSτϥΠͷ࠷େͷݸ਺ (Maximum
Number of LOUDS Tries)Λ 1͔Β 7ʹมԽͤͯ͞, ϒϧʔϜϑΟϧλ͕͋Δέʔε
(with Bloom Filters)ͱϒϧʔϜϑΟϧλ͕ແ͍έʔε (without Bloom Filters)ͷͦΕ
ͧΕʹ͍ͭͯ, 6.2અͷ࣮ݧϓϩάϥϜͷ׬ྃ·Ͱʹ͔͔Δ࣌ؒΛܭଌ͢Δ. LOUDS
τϥΠͷ࠷େݸ਺͸Ϛʔδ͕࣮ߦ͞ΕΔ LOUDSτϥΠͷݸ਺ʹΑܾͬͯ·ΔͨΊ,
LOUDSτϥΠͷ࠷େݸ਺͕গͳ͍΋ͷ͸Ϛʔδճ਺͕ଟ͘ͳΔ. ॲཧʹ͔͔Δ࣌ؒ
͸,߹ܭͷ LOUDSτϥΠͷߏஙɾϚʔδ࣌ؒ (Accumulated Build Time)ͱ,߹ܭͷݕ
ࡧ࣌ؒ (Accumulated Query Time)ʹ෼͚ͯܭଌ͢Δ.
6.9 અͰఆΊͨΑ͏ʹ, όοϑΝτϥΠͷαΠζ͸͍ͣΕ΋Ωʔ਺Ͱ 4ສݸͱ͠, 4
ສݸͷೖྗ͝ͱʹ LOUDSτϥΠ͕ߏங͞ΕΔ.
ਤ 6.16͸,͜ͷ࣮ݧͷ݁ՌΛ·ͱΊͨάϥϑͰ͋Δ. ԣ࣠ͷ਺஋͸,ݕࡧର৅ͱͳΔ
LOUDSτϥΠͷ࠷େ਺Λද͠,όοϑΝͱͯ͠༻͍ΔτϥΠͷ਺Λؚ·ͳ͍.
͜ͷ࣮ݧͰ࢖༻ͨ͠ NHSTAͷσʔληοτͰ͸,ݕࡧͱ௥Ճͷ྆ํ͕࣮ߦ͞ΕΔ
ϢχʔΫͳΩʔͷೖྗ͸શମͷ໿ 2.56%Ͱ͋Γ,ॲཧͷ 97.44%͕ݕࡧͷΈΛ࣮ߦ͢Δ
ॏෳͨ͠ΩʔͷೖྗͰ͋ͬͨ.
͜ͷ৚݅ԼͰ͸,ϒϧʔϜϑΟϧλ͕ແ͍৔߹ʹ͸, LOUDSτϥΠͷݸ਺͕ 1ͭͷ
৔߹͕࠷΋࣮ߦ͕࣌ؒ୹͍. ߏஙɾϚʔδ࣌ؒ͸࠷΋௕͍͕, LOUDSτϥΠ͕ 3Ҏ্
ͷ৔߹ͷݕࡧ଎౓ͷ௿ԼΛຒΊΔ΄ͲͰ͸ͳ͍. Ұํ, ϒϧʔϜϑΟϧλ͕͋Δ৔߹
Ͱ͸,࠷΋࣮ߦ͕࣌ؒ௕͍ͷ͸ LOUDSτϥΠͷ࠷େ਺͕ 1ͷ৔߹Ͱ͋Γ,සൟʹϚʔ
δΛ࣮ߦ͢Δίετ͕ݦࡏԽ͢Δ. ͦΕҎ্ͷ৔߹ʹ͸, ߏங࣌ؒͷׂ߹͕খ͘͞ͳ
ΔͨΊ,࣮ߦ࣌ؒʹେ͖ͳࠩ͸ແ͍. ͜ΕΒͷ݁Ռ͔Β, LOUDSτϥΠͷݸ਺͕૿͑
Δ͜ͱʹΑΔݕࡧ଎౓ͷ௿ԼΛϒϧʔϜϑΟϧλ͕๷͙ޮՌ͕֬ೝͰ͖Δ.
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ਤ 6.17: LOUDSͱϒϧʔϜϑΟϧλͷฒߦߏஙʹΑΔ LOUDSߏஙͷߴ଎Խ
͜ͷ࣮ݧͷதͰ΋ͬͱ΋࣮ߦ͕࣌ؒ୹͔ͬͨͷ͸,ϒϧʔϜϑΟϧλ͋Γ, LOUDS
τϥΠͷ࠷େ਺͕ 5ͷ৔߹Ͱ͋Γ,͜Ε͸,ϒϧʔϜϑΟϧλͳ͠ͷ৔߹ͷ࠷΋࣮ߦ࣌
͕ؒ୹͍৔߹ (LOUDSτϥΠ͕ 1ͭͷ৔߹)ʹରͯ͠໿ 16.4%ͷվળͱͳΔ.
6.13 ϒϧʔϜϑΟϧλߏங࣌ؒͷܭଌ
ϒϧʔϜϑΟϧλΛੜ੒͢Δࡍʹ͔͔Δ࣌ؒΛ࣮ݧʹΑͬͯௐ΂Δ. ఏҊख๏Ͱ͸,
LOUDSτϥΠΛߏங͢Δ෯༏ઌ૸ࠪ࣌ʹϒϧʔϜϑΟϧλͷੜ੒΋ಉ࣌ʹߦ͏͜ͱ
Ͱશମͷߏங࣌ؒΛ୹ॖ͍ͯ͠Δ. ͜ͷ࣮ݧͰ͸͜ͷ͜ͱΛ֬ೝ͢Δ.
·ͣ,༧උ࣮ݧͱͯ͠, LOUDSτϥΠΛ୯ମͰߏங͢ΔࡍͷޮՌΛܭଌ͢Δ. ࣮ݧ
ʹ͸, NHTSAͷετϦʔϜ͔ΒॏෳΛऔΓআ͍ͨฏۉ௕ 34.5จࣈͷΩʔϫʔυ 640
ສݸΛ࢖༻͠, LOUDSτϥΠߏங༻ͷόοϑΝͱͯ͠࢖༻͢Δೋ෼୳ࡧτϥΠʹೖ
ྗͯ͠, LOUDSτϥΠͱͦͷ LOUDSτϥΠʹରԠ͢ΔϒϧʔϜϑΟϧλΛͦΕͧ
Ε 1ͭ࡞Δͱ͖ͷ࣌ؒΛܭଌ͢Δ. ࣮ݧ؀ڥʹ͸ E1Λ༻͍Δ.
ਤ 6.17͸, LOUDSτϥΠͷߏஙͱϒϧʔϜϑΟϧλͷ࡞੒Λஞ࣍తʹ࣮ߦͨ͠৔
߹ (Sequential)ͷ࣌ؒͱ, LOUDSτϥΠΛߏங͠ͳ͕Β, ಉ࣌ʹϒϧʔϜϑΟϧλΛ
࡞੒ͨ͠৔߹ (Concurrent)ͷ࣌ؒΛ, ϒϧʔϜϑΟϧλͷϋογϡଟॏ౓͝ͱʹൺֱ
ͨ͠άϥϑͰ͋Δ.
ஞ࣍తʹߏங͢Δ৔߹ͱൺֱͯ͠, LOUDSτϥΠͷߏஙͱಉ࣌ʹϒϧʔϜϑΟϧ
λΛ࡞੒͢Δ͜ͱͰ,ϊʔυͷ૸͕ࠪ̍ճͰࡁΉͨΊ,໿ 30%ͷ࣌ؒ୹ॖʹͳΔ.
·ͨ, ͜ΕΒͷσʔλ͔Β, ϋογϡଟॏ౓͕ 4ͷ࣌ͷ֤ॲཧͷׂ߹Λܭࢉ͢Δͱ,
ϊʔυ૸ࠪʹ 47%, LOUDSτϥΠͷσʔλߏஙʹ 20%, ϒϧʔϜϑΟϧλͷ࡞੒ʹ
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ਤ 6.18: LOUDSͱϒϧʔϜϑΟϧλͷฒߦߏஙʹΑΔ LOUDSߏஙͱݕࡧͷߴ଎Խ
33%ͷ͕͔͔͍࣌ؒͬͯΔ͜ͱ͕෼͔Δ. ϋογϡଟॏ౓্͕͕ΔʹͭΕͯϊʔυ͋
ͨΓͷܭࢉճ਺͕૿͑ΔͨΊ,ϒϧʔϜϑΟϧλͷ࡞੒࣌ؒͷׂ߹͸૿Ճ͢Δ.
࣍ʹ,ΞϓϦέʔγϣϯΛ૝ఆͯ͠ 6.2અͷ࣮ݧϓϩάϥϜΛ༻͍ͯܭଌΛߦ͏. ͜
ͷ࣮ݧʹ͸, NHTSAͷσʔληοτʹؚ·ΕΔ 2.4ԯ݅ͷΩʔϫʔυͷετϦʔϜͷ
શମΛ࢖༻͢Δ. ͜͜Ͱ͸, LOUDSτϥΠ΍ϒϧʔϜϑΟϧλͷޮՌΛଌఆ͢ΔͨΊ,
OLT1ͷϋογϡςʔϒϧ͸ແޮͱ͢Δ.
ϒϧʔϜϑΟϧλͱ LOUDSτϥΠͷಉ࣌ߏஙʹΑͬͯ,શମͷੑೳʹͲΕ͘Β͍
ͷӨڹ͕͋Δ͔Λௐ΂ΔͨΊ,ಉ࣌ߏங͠ͳ͍έʔε (Sequential)ͱಉ࣌ߏங͢Δέʔ
ε (Concurrent)ͷͦΕͧΕʹ͍ͭͯ, ϚʔδΛߦ͏ LOUDSτϥΠͷݸ਺ΛมԽͤ͞
ͯࢼߦ͢Δ. ͦͷࡍ,ॲཧʹ͔͔Δ࣌ؒΛ,ϒϧʔϜϑΟϧλͱLOUDSτϥΠͷߏஙɾ
Ϛʔδ࣌ؒͷ߹ܭ (Accumulated Build Time)ͱ, ݕࡧ࣌ؒͷ߹ܭ (Accumulated Query
Time)ʹ෼͚ͯܭଌ͢Δ. ϒϧʔϜϑΟϧλͷϋογϡଟॏ౓͸ 4ͱͨ͠.
ਤ 6.18͸,͜ͷ࣮ݧͷ݁ՌΛ·ͱΊͨάϥϑͰ͋Δ. ԣ࣠ͷ਺஋͸ؚ·ΕΔLOUDS
τϥΠͷ࠷େ਺Λද͢.
͜ͷ࣮ݧͰ࢖༻ͨ͠ NHSTAͷσʔληοτͰ͸,ݕࡧͱ௥Ճͷ྆ํ͕࣮ߦ͞ΕΔ
ϢχʔΫͳΩʔͷೖྗ͸શମͷ໿ 2.56%Ͱ͋Γ,ॲཧͷ 97.44%͕ݕࡧͷΈΛ࣮ߦ͢Δ
ॏෳͨ͠ΩʔͷೖྗͰ͋ͬͨ. ैͬͯ, LOUDSτϥΠͷߏஙɾϚʔδճ਺͸શମʹ
ରͯ͠গͳ͘, LOUDSτϥΠͷߏங͕࣌ؒશମʹରͯ͠઎ΊΔׂ߹΋ߴ͘͸ͳ͍. ݕ
ࡧ࣌ؒ͸,νΣοΫ͢΂͖ϒϧʔϜϑΟϧλͷݸ਺͕૿͑ΔͨΊ, LOUDSτϥΠͷݸ
਺͕ଟ͍ํ͕Θ͔ͣʹ௕͘ͳΔ͕,શମʹେ͖ͳࠩ͸ͳ͍. Ұํ,ߏங࣌ؒ͸, LOUDS
τϥΠͷݸ਺ʹΑͬͯେ͖͘ҟͳΔ.
ϒϧʔϜϑΟϧλͷಉ࣌ߏஙʹΑΔޮՌ͕࠷΋ߴ͍ͷ͸, Ϛʔδճ਺ͷ࠷΋ଟ͍
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LOUDSτϥΠ͕ 1ͭͷέʔεͰ͋Γ, ݕࡧͷׂ߹ͷଟ͍͜ͷ࣮ݧͰ΋, શମͷॲཧ
࣌ؒΛ 11%࡟ݮͨ͠. Ϛʔδճ਺ͷগͳ͍ଞͷέʔεͰ΋, 3%͔Β 5%ͷ࡟ݮΛୡ੒
ͨ͠.
6.14 OLT2ͷධՁ࣮ݧ
ຊઅͰ͸, ఏҊख๏Ͱ͋Δ OLT2Λ࣮ݧʹΑΓධՁ͢Δ. ͜ͷ࣮ݧ͸, 6.5અͰߦͬ
࣮ͨݧͱڞ௨ͷ࣮ݧ؀ڥ,࣮ݧख๏,͓ΑͼσʔληοτΛ༻͍Δ. ൺֱର৅ͱͯ͠༻
͍Δ, OLT1,ϋογϡςʔϒϧ (Hash),μϒϧΞϨΠτϥΠ (DA),ͦΕΒͷ૊Έ߹Θͤ
(Hash + DA),͓Αͼϋογϡςʔϒϧͱೋ࣍هԱͷ૊Έ߹Θͤ (Hash+SSD)ʹΑΔ֤
σʔλετΞͷܭଌσʔλ΋ 6.5અʹࣔͨ͠΋ͷͱಉ͡΋ͷͰ͋Δ.
࢖༻ՄೳϝϞϦྔΛද 6.1Ͱࣔͨ͠஋ʹઃఆ͢Δ. OLT2Ͱ͸ϋογϡςʔϒϧ,͓
ΑͼόοϑΝτϥΠͷαΠζ͸࢖༻ՄೳϝϞϦྔ͔Βࣗಈతʹܭࢉ͞ΕΔͨΊ, OLT1
ͷΑ͏ʹࣄલʹׂΓ౰ͯΔඞཁ͸ͳ͍. OLT2ͷࣗ཯తϝϞϦׂΓ౰ͯʹඞཁͳϝϞ
Ϧ࢖༻ྔͷଌఆ͸ 1ඵ͝ͱʹߦ͏. ·ͨ,όοϑΝϞʔυ΁ͷ੾Γସ͑͸,࢒Γ࢖༻Մ
ೳϝϞϦ͕౰ॳͷ࢒Γ࢖༻ՄೳϝϞϦͷ 50%ʹͳͬͨ࣌ʹߦ͏. 5.1અͰड़΂ͨϚʔ
δϯ͸ 5%ͱ͢Δ.
ਤ 6.19,ਤ 6.20͓Αͼਤ 6.21͸,ຊઅͷ࣮ݧ݁ՌΛσʔληοτ͝ͱʹάϥϑʹࣔ
ͨ͠΋ͷͰ͋Δ.
͜ͷ࣮ݧ΋ 6.5અͰߦ࣮ͬͨݧͱಉ༷ʹ,֤ख๏ʹ͸࢖༻Ͱ͖Δݶքͷจࣈྻ਺͕
͋Δ. ͜ͷ࣮ݧ݁ՌͰ͸,ϋογϡςʔϒϧʹೖΓ͖Βͳ͍ྖҬͰ͸,ൺֱର৅ͷσʔ
λετΞͷதͰ OLT2͕࠷΋εϧʔϓοτ͕ߴ͍. ·ͨ, ಉ͡࢖༻ՄೳϝϞϦྔͷ੍
ݶͷ΋ͱͰ͸,֨ೲͰ͖Δจࣈྻ਺͕ OLT1ͱಉ༷ʹଟ͍. ͕ͨͬͯ͠, OLT2͸,֨ೲ
͢΂͖จࣈྻ਺ʹରͯ͠࢖༻ϝϞϦྔ͕গͳ͘,ϋογϡςʔϒϧ͕࢖༻Ͱ͖ͳ͍৔
߹ʹ༗༻ੑ͕͋Δ.
ਤ 6.20Ͱ͸จࣈྻ਺͕গͳ͍࣌Ͱ΋ϋογϡςʔϒϧΑΓ΋εϧʔϓοτ͕ߴ͍
ൣғ͕͋Δ. ͜Ε͸, OLT2͕࢖༻ՄೳϝϞϦྔΛ͋Β͔͡Ί஌͍ͬͯΔͨΊ,ϋογϡ
ςʔϒϧͷαΠζΛద੾ʹઃఆͰ͖ΔͨΊͰ͋Δ. ͜ΕʹΑͬͯ,࠶ϋογϡͷճ਺͕
ԡ͑͞ΒΕΔ. ͜ͷΑ͏ʹ,ߴ͍εϧʔϓοτͷൣғͰ͸,࠶ϋογϡͷճ਺͕ฏۉε
ϧʔϓοτʹӨڹΛٴ΅͢৔߹͕͋Δ.
6.15 ࣗ཯తϝϞϦׂΓ౰ͯͷ؍ଌ
ຊઅͰ͸, OLT2 ͷࣗ཯తͳϝϞϦׂΓ౰ͯͷ༷ࢠΛৄ͘͠ݟΔͨΊ, 6.14 અͷ࣮
ݧͰ, OLT2͕֤σʔλߏ଄ʹͲͷΑ͏ʹϝϞϦΛׂΓ౰͔ͯͨΛ࣌ܥྻʹԊͬͯ؍
88
00.5
1
1.5
2
2.5
3
3.5
4
0 1 2 3 4 5 6 7






(

/
)
 (),	NHTSA,		
 89	MB
Hash DA Hash+DA Hash+SSD OLT1 OLT2
ਤ 6.19: OLT2ͷ֨ೲจࣈྻ਺ͱεϧʔϓοτͷؔ܎ (NHTSA 2.5ԯ݅, 89MB)
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ਤ 6.20: OLT2ͷ֨ೲจࣈྻ਺ͱεϧʔϓοτͷؔ܎ (kakaku.com 15ԯ݅, 269MB)
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ਤ 6.21: OLT2ͷ֨ೲจࣈྻ਺ͱεϧʔϓοτͷؔ܎ (reuters.com 10ԯ݅, 101MB)
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ଌ͢Δ. ਤ 6.22, ਤ 6.24, ͓Αͼਤ 6.26ʹ, ͦΕͧΕ, NHTSA, kakaku.com, ͓Αͼ
reuters.comͷ৔߹ͷ࣮ݧதͷϝϞϦ࢖༻ྔͷਪҠΛσʔλߏ଄͝ͱʹࣔ͢.
ਤதͷϝϞϦ࢖༻ྔ͕Լ͕ΔՕॴͰ͸σʔλߏ଄ͷม׵͕ى͍ͬͯ͜Δ. NHTSA
ͷέʔεͰ͸, LOUDSτϥΠ͕ 3൪໨ʹϝϞϦ࢖༻ྔ͕Լ͕ΔՕॴͰ࡞੒͞Ε͍ͯ
Δ. ͦΕ·ͰͷϝϞϦ࢖༻ྔ͕Լ͕ΔՕॴͰ͸,ϋογϡςʔϒϧ͔Βೋ෼୳ࡧτϥΠ
΁ͷม׵͕ߦΘΕ͍ͯΔ. ϝϞϦ࢖༻ྔͷԼ͕Δ௚લʹݟΒΕΔҰ࣌తͳϝϞϦ࢖༻
ྔͷ૿Ճ͸,σʔλߏ଄ͷม׵ͷͨΊʹҰ࣌తʹඞཁͳϝϞϦ࢖༻Λද͍ͯ͠Δ. ϋο
γϡςʔϒϧ͔ΒόοϑΝτϥΠ΁ͷม׵࣌͸,Ұ࣌తʹ྆ํͷσʔλߏ଄Ͱσʔλ
Λอ࣋͢ΔͨΊ,Ұ࣌తʹଟ͘ͷϝϞϦ͕࢖༻͞ΕΔ. ·ͨ, LOUDSτϥΠΛ࡞੒͢
Δͱ͖ʹ͸, ྆ํͷσʔλߏ଄ͰσʔλΛอ࣋͢Δ͜ͱʹՃ͑ͯ, ෯༏ઌ૸ࠪΛߦ͏
ΩϡʔͳͲͷิॿతͳσʔλߏ଄΋ϝϞϦΛ࢖༻͢Δ. ͦͷͨΊ, ߏங͞ΕΔσʔλ
ߏ଄ΑΓ΋େ͖ͳαΠζͷϝϞϦ͕ඞཁʹͳΔ. LOUDSτϥΠߏஙʹҰ࣌తʹ࢖༻
͞ΕͨϝϞϦ͸ߏஙޙʹ͙͢ʹղ์͞Ε,ϋογϡςʔϒϧͳͲʹׂΓ౰ͯΒΕΔ.
6.6અͰ؍ଌͨ͠ OLT1ͷϝϞϦ࢖༻ྔͷਪҠͰ͸,͍ͣΕ΋ϝϞϦ࢖༻ྔ͸࣌ؒͱ
ͱ΋ʹ૿Ճ͠, શͯͷจࣈྻΛ֨ೲͨ࣌͠఺͕࠷΋ϝϞϦ࢖༻ྔ͕ଟ͍. Ұํ, OLT2
Ͱ͸։࢝ޙͷૣ͍࣌ؒʹϋογϡςʔϒϧʹΑͬͯ࢖༻ՄೳϝϞϦ͍ͬͺ͍·ͰϝϞ
Ϧ͕࢖༻͞ΕΔ. ॲཧதͷ࢒Γ࢖༻ՄೳϝϞϦ͕ϋογϡςʔϒϧʹׂΓ౰ͯΒΕΔ
͜ͱͰ,ϝϞϦ͕ޮ཰Α͘࢖༻͞ΕΔ͜ͱ͕Θ͔Δ.
ਤ 6.23͸, OLT2Ͱσʔληοτ NHTSAΛॲཧͨ͠৔߹ͷεϧʔϓοτͷมԽΛ
ද͍ͯ͠Δ. ਤதͷεϧʔϓοτͷ஋͸,ܭଌ͞ΕͨຖඵͷฏۉΛ͍ࣔͯ͠Δ. εϧʔ
ϓοτͷ஋͸࣮ݧ։࢝࣌,͢΂ͯͷΩʔ͕ϋογϡςʔϒϧͰॲཧ͞ΕΔͨΊ࠷΋ߴ
͘, OLT2͕όοϑΝϞʔυʹ੾ΓସΘͬͨͱ͜ΖͰݮগ͢Δ. σʔλ͕ LOUDSτϥ
Πʹม׵͞ΕΔͱΩϟογϡ͕ͳ͘ͳΔͨΊ, ͍ͬͨΜεϧʔϓοτ͸େ͖͘௿Լ͢
Δ. ͦͷޙ,Ωϟογϡ͕ຬͨ͞ΕΔʹͭΕͯੑೳ͕ճ෮͢Δ.
ਤ 6.25ͱ, ਤ 6.27͸, ͦΕͧΕ kakaku.comͱ reuters.comΛ OLT2Ͱॲཧͨ͠৔߹
ͷεϧʔϓοτͷมԽΛද͍ͯ͠Δ. ͍ͣΕ΋, NHTSAͷέʔεͱಉ༷ͷܗঢ়Λඳ͍
͍ͯΔ. ϋογϡςʔϒϧ͕ഁغ͞Εͨޙͷεϧʔϓοτճ෮ͷ܏͖͸,σʔληοτ
ʹΑΓҟͳΔ.
6.6અͰ؍ଌͨ͠ OLT1ͷεϧʔϓοτͷਪҠͱൺֱ͢Δͱ,Ωʔ͕ϋογϡςʔϒ
ϧҎ֎ͷσʔλߏ଄ʹ֨ೲ͞Ε࢝Ίͨޙͷεϧʔϓοτͷݮਰ͕ OLT2ͷํ͕؇΍͔
Ͱ͋Δ. ͜Ε͸,ϋογϡςʔϒϧʹׂΓ౰ͯΒΕΔϝϞϦྔ͕૿͑ͯΩϟογϡώο
τ཰͕޲্ͨ͜͠ͱʹΑΔ. ΄ͱΜͲͷ࢖༻ՄೳϝϞϦ͕ LOUDSτϥΠʹׂΓ౰ͯ
ΒΕΔ࣮ݧͷऴΘΓۙ͘Ͱ͸,ϋογϡςʔϒϧͷαΠζ͸ಉఔ౓Ͱ͋Γ,εϧʔϓο
τ͸ಉఔ౓ͷ஋ʹͳΔ.
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ਤ 6.22: OLT2ͷ࢖༻ϝϞϦྔͷਪҠ (NHTSA 2.5ԯ݅, 89MB)
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ਤ 6.23: OLT2ͷεϧʔϓοτͷมԽ (NHTSA 2.5ԯ݅, 89MB)
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ਤ 6.24: OLT2ͷ࢖༻ϝϞϦྔͷมԽ (kakaku.com 15ԯ݅, 269MB)
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ਤ 6.25: OLT2ͷεϧʔϓοτͷมԽ (kakaku.com 15ԯ݅, 269MB)
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ਤ 6.26: OLT2ͷ࢖༻ϝϞϦྔͷมԽ (reuters.com 10ԯ݅, 101MB)
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ਤ 6.27: OLT2ͷεϧʔϓοτͷมԽ (reuters.com 10ԯ݅, 101MB)
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6.16 OLT2ͷ࢖༻ՄೳϝϞϦͱεϧʔϓοτͷؔ܎
ຊઅͰ͸, 6.7અͱಉ༷ʹ, OLT2ͷ࢖༻ՄೳϝϞϦͱεϧʔϓοτͷؔ܎Λௐ΂Δ.
ೖྗσʔλʹ͸,ද 1.1ͷ 3ͭͷσʔληοτΛ༻͍Δ. ࣮ݧ؀ڥʹ͸ E2Λ༻͍Δ. ࣮
ݧ͸, OLT2ͷ࢖༻ՄೳϝϞϦྔΛมԽͤ͞,ͦ͜ʹ, 6.2અͷϓϩάϥϜΛ༻͍ͯσʔ
λΛશͯೖྗ͢Δ. ࢖༻ՄೳϝϞϦྔ͸ 6.7અͱಉ༷ʹઃఆͨ͠.
ද 6.5ʹ࣮ݧ݁ՌΛࣔ͢. දͷ֤ྻ͸, σʔληοτ͝ͱʹ, ࢖༻ՄೳϝϞϦ (ϝϞ
Ϧ)ͱฏۉεϧʔϓοτ (݅/ඵ)Λද͍ͯ͠Δ.
OLT2͸, ίϯύΫτͳσʔλߏ଄ʹׂΓ౰ͯͨϝϞϦҎ֎ͷ࢒Γ࢖༻ՄೳϝϞϦ
Λશͯߴ଎ͳϋογϡςʔϒϧʹࣗ཯తʹׂΓ౰ͯΔ. ͦͷͨΊ, ࢖༻ՄೳϝϞϦྔ
͕ଟ͘ͳΔͱ, εϧʔϓοτ͸ΑΓߴ͘ͳΔ. ࣮ࡍʹ OLT2͕࢖༻ͨ͠ϝϞϦ͸࢖༻
ՄೳϝϞϦͷ 95%͔Β 99%Ͱ͋ͬͨ.
શମͷ܏޲ͱͯ͠,ಉ͡࢖༻ՄೳϝϞϦͷ࣌, OLT2͸ OLT1ΑΓ΋ߴ଎Ͱ͋Δ. ಛ
ʹ,࢖༻ՄೳϝϞϦ͕খ͍͞΄Ͳ͜ͷ܏޲͕େ͖͍. ͔͠͠,σʔληοτʹΑͬͯ͜
ͷࠩʹ͸ҧ͍͕͋Δ. OLT1ʹର͢Δ OLT2ͷεϧʔϓοτͷൺ͸ NHTSAͰ͸ 1.4͔
Β 2.1, kakaku.comͰ͸ 1.6͔Β 4.3, reuters.comͰ͸ 0.96͔Β 1.4Ͱ͋ͬͨ.
6.17 OLT2ʹΑΔΑΓେ͖ͳσʔλͷॲཧ
ຊઅͰ͸, 6.8 અͱಉ༷ʹ, ΑΓେ͖ͳσʔληοτʹΑΔ OLT2 ͷ࣮ݧ݁ՌΛࣔ
͢. ࢖༻ՄೳϝϞϦྔΛ 8GB ͱ͠, ࣮ݧ؀ڥ E2 Λ࢖༻ͯ͠ද 6.4 ͷσʔληοτ
Wikipedia-enΛ OLT2ʹ֨ೲ͢Δ࣮ݧΛߦͳͬͨ.
͜ͷ࣮ݧͷϝϞϦ࢖༻ྔͷਪҠΛਤ 6.28ʹࣔ͢. ͜ͷਤͷԣ࣠͸ܦա࣌ؒ (࣌ؒ),ॎ
࣠͸ϋογϡςʔϒϧ (Hash),όοϑΝτϥΠ (Trie)͓Αͼ LOUDSτϥΠ (LOUDS)
ͷ֤࢖༻ϝϞϦྔ (GB)ΛੵΈ্͛άϥϑͰද͍ͯ͠Δ.
ਤ 6.28͸,࣠ͷεέʔϧҎ֎͸جຊతʹଞͷσʔληοτΛॲཧͨ͠৔߹ͷਤ 6.22,
ਤ 6.24,͓Αͼ,ਤ 6.26ͱಉ༷Ͱ͋Δ. ΞϧΰϦζϜ͔Β, LOUDSτϥΠߏஙճ਺͸࢖
ද 6.5: OLT2ͷ࢖༻ϝϞϦྔͱεϧʔϓοτͷؔ܎
NHTSA kakaku.com reuters.com
ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ
89 MB 79ສ 269 MB 339ສ 101 MB 244ສ
134 MB 158ສ 404 MB 396ສ 152 MB 351ສ
178 MB 182ສ 538 MB 405ສ 202 MB 394ສ
223 MB 201ສ 673 MB 401ສ 253 MB 408ສ
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ਤ 6.28: OLT2ͷ࢖༻ϝϞϦྔͷਪҠ (Wikipeida-en 618ԯ݅,࢖༻ՄೳϝϞϦ 8GB)
༻ՄೳϝϞϦྔͱ֨ೲ͢Δจࣈྻͷ਺ͷൺ͔Βܾ·Δ. ͜ͷ࣮ݧͰ͸ LOUDSτϥΠ
ߏஙճ਺͸ 7ճͰ͋Γ,ଞͷσʔληοτΛ OLT2Ͱॲཧ͢Δ৔߹ͱେ͖ͳ͕ࠩͳ͍.
6.18 Ωϟογϡஔ͖׵͑ΞϧΰϦζϜʹؔ͢Δߟ࡯
ຊݚڀͰ͸,ߴස౓গ਺ͷจࣈྻΛߴ଎ͳσʔλߏ଄ʹ,௿ස౓ଟ਺ͷจࣈྻΛίϯ
ύΫτͳσʔλߏ଄ʹ֨ೲ͢Δ͜ͱʹΑͬͯ,ίϯύΫτͰ͋Γͳ͕ΒͰ͖Δ͚ͩߴ
͍εϧʔϓοτΛ࣮ݱ͠Α͏ͱ͍ͯ͠Δ. ͔͠͠, ࣄલʹͲͷจࣈྻ͕ΑΓසൟʹग़
ݱ͢Δ͔͸Θ͔Βͳ͍ͨΊ,ਖ਼֬ʹߴස౓ͷจࣈྻΛબ୒͢Δ͜ͱ͸Ͱ͖ͳ͍.
Ͳͷจࣈྻ͕ߴ଎ͳσʔλߏ଄ʹ֨ೲ͞ΕΔ͔͸, ೖྗσʔλͱ, ߴ଎ͳσʔλߏ
଄ʹ֨ೲ͢ΔจࣈྻΛબ୒͢ΔΩϟογϡஔ͖׵͑ΞϧΰϦζϜʹΑΔ. 4.8 અʹࣔ
ͨ͠Ϟσϧ͸, OLT1ʹ͓͚Δཧ૝తͳΩϟογϡஔ͖׵͑ΞϧΰϦζϜʹΑΔੑೳΛ
ܭࢉ͍ͯ͠Δ. ͜ͷཧ૝తͳΩϟογϡஔ͖׵͑ΞϧΰϦζϜ͸,ݱ࣮ͱ͸ҟͳΓ,͋
Β͔͡ΊͲͷจࣈྻͷग़ݱස౓͕ߴ͍͔Λ஌ͬͯΩϟογϡΛஔ͖׵͍͑ͯΔ. ·ͨ,
Ωϟογϡஔ͖׵͑ΞϧΰϦζϜͷܭࢉͱϝϞϦͷΦʔόʔϔου͕ͳ͍΋ͷͱͯ͠
͍Δ.
࣮ࡍʹ͸, Ωϟογϡஔ͖׵͑ΞϧΰϦζϜͷΦʔόʔϔου͸શମͷੑೳʹେ͖
ͳӨڹΛ༩͑Δ. ͦͷͨΊ,Ͱ͖Δ͚ͩΦʔόʔϔουͷখ͞ͳΞϧΰϦζϜ͕ྑ͍.
Least Frequently Used (LFU) ͸, աڈͷग़ݱස౓Λ਺͑ͯ࠷΋ग़ݱස౓ͷগͳ͍จ
ࣈྻΛஔ͖׵͑ΔΩϟογϡஔ͖׵͑ΞϧΰϦζϜͰ͋Δ. ͦͷ࣮ݱʹ͸,ग़ݱස౓ͷ
Χ΢ϯτ΍࠷খग़ݱස౓ͷจࣈྻΛબ୒͢ΔͨΊ, OLT1͓Αͼ OLT2ʹͱͬͯ͸Φʔ
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όʔϔου͕େ͖͍. ग़ݱස౓ΛۙࣅతʹٻΊΔ Lossy Counting [47] Λ༻͍ͯ LFU
Λ࣮ݱ͢Δͱ, Least Recently Used (LRU)ΑΓ΋௿͍ੑೳʹͳͬͨ.
Φʔόʔϔου͕খ͍͞Ωϟογϡஔ͖׵͑ΞϧΰϦζϜͱͯ͠͸ LRU͕஌ΒΕ
͍ͯΔ. LRU ͷ࣮૷ͷதͰ, ٖࣅ LRU ͸ੑೳ΍ϝϞϦͷΦʔόʔϔου͕࠷΋খ͞
͘, OLT1ʹ૊ΈࠐΜͩࡍʹ࠷΋ߴ͍ੑೳʹͳͬͨ. ͦͷͨΊ, OLT1Ͱ͸, 4.7અͰड़
΂ͨΑ͏ʹ,Ωϟογϡஔ͖׵͑ΞϧΰϦζϜʹٖࣅ LRUΛ༻͍͍ͯΔ.
OLT2Ͱ͸, 5.1અͰड़΂ͨΑ͏ʹ, ࢒Γ࢖༻ՄೳϝϞϦྔ͕গͳ͘ͳΔͨͼʹϋο
γϡςʔϒϧΛશͯΫϦΞ͢ΔઓུΛͱΔ. ͢ͳΘͪ,ෳࡶͳΩϟογϡஔ͖׵͑Ξϧ
ΰϦζϜΛ༻͍ͣ,୯ʹ,Ұఆظؒͷؒ,ग़ݱͨ͠จࣈྻΛશͯϋογϡςʔϒϧʹ֨
ೲ͢Δ. ͜ΕʹΑͬͯΩϟογϡஔ͖׵͑ΞϧΰϦζϜͷΦʔόʔϔουΛͳͯ͘͠
͍Δ. ຊݚڀͷର৅ͱ͢ΔΞϓϦέʔγϣϯͰ͸, ͜ͷΑ͏ͳ୯७ͳํ๏Ͱ΋ߴ͍֬
཰Ͱߴස౓ͷจࣈྻΛؚΉ. ٖࣅ LRU Λ༻͍ͯҰఆ਺ͷߴස౓ͷจࣈྻΛϋογϡ
ςʔϒϧʹ࢒͢ํࣜͱൺֱ͢Δͱ, Ωϟογϡஔ͖׵͑ΞϧΰϦζϜͳ͠ͷ৔߹ͷํ
͕ߴ͍ੑೳʹͳͬͨ.
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ୈ7ষ ͓ΘΓʹ
ຊݚڀͰ͸จࣈྻΛΩʔͱ͢ΔΠϯϝϞϦσʔλετΞͷͨΊͷίϯύΫτͳσʔ
λߏ଄Λ࣮ݱ͢Δख๏ΛఏҊͨ͠. จࣈྻΩʔΛओهԱʹ֨ೲͯ͠ॏෳഉআ΍Χ΢ϯ
ςΟϯάΛߦ͏ࡍ,ैདྷͷख๏Ͱ͸,ओʹߴ଎͕ͩϝϞϦޮ཰͕ѱ͍ϋογϡςʔϒϧ
͕࢖ΘΕ͍ͯͨ. ͦͷͨΊ,ϝϞϦʹೖΓ͖Βͳ͍৔߹,ೋ࣍هԱΛ༻͍ΔͷͰ,ٸܹ
ʹੑೳ͕௿Լ͢Δͱ͍͏໰୊͕͋ͬͨ. ຊ࿦จͰ͸,ߴ଎ͳσʔλߏ଄ͱͯ͠ϋογϡ
ςʔϒϧͱ,ίϯύΫτͳσʔλߏ଄ͱͯ͠ LOUDSτϥΠΛ૊Έ߹Θͤͯར༻͢Δ
͜ͱΛఏҊͨ͠. ࣮ݧ݁ՌʹΑΓ, ࢖༻ՄೳϝϞϦྔ͕ݶΒΕσʔλ͕ϋογϡςʔ
ϒϧʹೖΓ͖Βͳ͍৔߹ʹ͸,ఏҊख๏͕طଘͷख๏ΑΓ΋ߴ͍εϧʔϓοτʹͳΔ
͜ͱΛࣔͨ͠.
ຊ࿦จͷ 1ষͰ͸,ຊݚڀͷഎܠ,ղܾ͢΂͖໰୊,͓Αͼ໰୊Λղܾ͢ΔఏҊख๏
ͷ֓ཁΛࣔͨ͠. ຊݚڀ͸,݅਺ͷଟ͍จࣈྻσʔλʹରͯ͠ॏෳഉআ΍Χ΢ϯςΟϯ
άΛߦ͏ͨΊʹ,จࣈྻΛΩʔͱ͢ΔΠϯϝϞϦσʔλετΞ͕༻͍ΒΕΔ͜ͱΛഎ
ܠͱ͍ͯ͠Δ. ΠϯϝϞϦσʔλετΞʹ͸,ೋ࣍هԱʹ͸ͳ͍ߴ͍ੑೳ͕ٻΊΒΕΔ
͜ͱʹՃ͑,࢖༻Ͱ͖ΔओهԱͷྔʹ੍ݶ͕͋Δ͜ͱ͔Β,ߴ͍ϝϞϦޮ཰͕ٻΊΒΕ
Δ. ຊ࿦จͰ͸,ॏෳഉআ΍Χ΢ϯςΟϯάΛඞཁͱ͢ΔΞϓϦέʔγϣϯͷଟ͘Ͱจ
ࣈྻͷग़ݱස౓෼෍ʹภΓ͕͋Δ͜ͱʹண໨͠,গ਺ͷߴස౓ͷจࣈྻΛߴ଎ͳσʔ
λߏ଄ʹ,ଟ਺ͷ௿ස౓ͷจࣈྻΛίϯύΫτͳσʔλߏ଄ʹ֨ೲ͢Δ͜ͱͰ,ίϯύ
ΫτͰ͋Γͳ͕Βߴ͍ੑೳΛൃش͢Δσʔλߏ଄ΛఏҊͨ͠. ͜ͷσʔλߏ଄͸Πϯ
ϝϞϦσʔλετΞͷ಺෦࣮૷ͱͯ͠࢖͏͜ͱ͕Ͱ͖Δ. ίϯύΫτͳσʔλߏ଄ʹ
͸ཧ࿦্࠷খݶʹ͍ۙϝϞϦ࢖༻ྔͰ͋Δ LOUDSτϥΠΛ༻͍Δ. LODUSτϥΠ
ΛಈతͳσʔλετΞͱͯ͠ར༻͢ΔͨΊ,ຊݚڀͰ͸ҎԼͷ 2ͭͷ໰୊Λղ͍ͨ:
໰୊ 1 LOUDSτϥΠ͸੩తͳσʔλߏ଄Ͱ͋Γ஋Λ௥ՃͰ͖ͳ͍.
໰୊ 2 LOUDSτϥΠ,όοϑΝ,ϋογϡςʔϒϧ౳ͷσʔλߏ଄ʹର͢Δ࠷దͳϝ
ϞϦׂ౰͸ೖྗσʔλʹґଘ͍ͯ͠ΔͨΊ,ΦϯϥΠϯͰ࠷దԽ໰୊ͱͯ͠ղ͘
͜ͱ͸೉͍͠.
2ষͰ͸ؔ࿈͢Δݚڀʹ͍ͭͯड़΂ͨ. طଘͷΠϯϝϞϦσʔλετΞͷଟ͘͸,಺
෦ͷσʔλߏ଄ͱͯ͠ϋογϡςʔϒϧΛ༻͍͍ͯΔ΋ͷ͕ଟ͍. ϋογϡςʔϒϧ͸
ϝϞϦޮ཰͕ѱ͍ͨΊΩʔͷ݅਺͕ଟ͍৔߹ʹ͸࢖༻Ͱ͖ͳ͍. ·ͨ,؆ܿσʔλߏ଄
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͸ϝϞϦޮ཰͕ྑ͍͕ݕࡧੑೳ͸௿͍ͨΊ,εϧʔϓοτͷཁٻ͕ߴ͍৔߹ʹ͸࢖༻
Ͱ͖ͳ͍. ೋ෼୳ࡧτϥΠ΍μϒϧΞϨΠτϥΠ͸ͦΕΒͷதؒʹҐஔ͢Δ. SILT΍
LSM-Trie͸ϑϥογϡετϨʔδʹσʔλΛஔ͖,ओهԱʹࡧҾΛ࣋ͭΩʔόϦϡʔ
ετΞͰ͋Δ. ͜ΕΒͷσʔλߏ଄ʹ͸, ར༻ՄೳͳϝϞϦʹԠͯ͡εϧʔϓοτΛ
ௐ੔͢Δػೳ͸ͳ͍.
3ষͰ͸,ຊݚڀͰ૝ఆ͢ΔయܕతͳΞϓϦέʔγϣϯͷྫͱͯ͠, Apache Lucene
Λ༻͍ͨςΩετղੳγεςϜͱ,ͦ͜ͰٻΊΒΕΔΠϯϝϞϦσʔλετΞͷཁ݅
Λࣔͨ͠. ςΩετղੳγεςϜͰ͸, ϧʔϧʹΑͬͯ୯ޠͷ૊Έ߹Θ͔ͤΒͳΔϑ
ϨʔζΛநग़͠,จࣈྻΩʔͱͯ͠ΠϯϝϞϦσʔλετΞʹอ࣋͢Δ. ͦ͜ͰٻΊΒ
ΕΔཁ݅͸,ΠϯλϑΣʔεͱͯ͠จࣈྻΛΩʔͱ͢Δ putͱ getΛ࣋ͪ,ΞϓϦέʔ
γϣϯʹ૊Έࠐ·Εͨϋογϡςʔϒϧͱஔ͖׵͑ՄೳͰ͋Δ͜ͱ,Ωʔ͕஋ʹର͠
ͯ௕͘,࢖༻ϝϞϦͷେ෦෼Λ઎ΊΔ͜ͱ,Ωʔͷग़ݱස౓෼෍͕ߴස౓গ਺ͱ௿ස౓
ଟ਺ʹ෼͔ΕΔ͜ͱ, put͞ΕͨΒ௚ͪʹ getʹ൓ө͞ΕΔ͜ͱ, get͞ΕͨΩʔ͕ଘࡏ
͠ͳ͍࣌ʹ put͞ΕΔ͜ͱ,ࣄલʹΩʔͷ਺,͓Αͼฏۉͷ௕͞Λ஌Δ͜ͱ͕Ͱ͖Δ͜
ͱ,ͦͯ͠,੍ݶ͞ΕͨϝϞϦͰಈ࡞͠,࣮ߦதʹϝϞϦͷ࢖༻ঢ়گ͕औಘͰ͖Δ͜ͱ
Ͱ͋Δ.
4ষͰ͸, LODUSτϥΠͷΦϯϥΠϯߏஙΛ࣮ݱ͢ΔఏҊख๏OLT1ʹ͍ͭͯड़΂
ͨ. ຊݚڀͰ͸, 1ষͰ͋͛ͨ໰୊ 1Λղͨ͘Ί,ೋ෼୳ࡧτϥΠΛόοϑΝͱ͢Δϩ
άߏ଄Ϛʔδ໦ʹྨࣅͨ͠ख๏Λ༻͍ͨ. ͜ΕʹΑΓ,੩తσʔλߏ଄Ͱ͋Δ LOUDS
τϥΠΛΦϯϥΠϯߏஙͰ͖ΔΑ͏ʹͨ͠. OLT1͸,ෳ਺ͷ LOUDSτϥΠΛ࡞੒͠
ͯॱʹϦετʹ௥Ճ͠,Ϧετʹؚ·ΕΔLOUDSτϥΠΛϚʔδ͢Δ. Ϧετ͕௕͘
ͳΔͱݕࡧର৅ͷ LOUDSτϥΠ͕૿͑ΔͨΊݕࡧੑೳ͕௿Լ͢Δ. ͜Ε͸ϚʔδΛ
ߦ͏͜ͱͰղফ͞ΕΔ͕,Ϛʔδ͸ܭࢉίετͷߴ͍ॲཧͰ͋ΔͨΊසൟʹ͸࣮ߦͰ
͖ͳ͍. OLT1Ͱ͸, ֤ LOUDSτϥΠʹϒϧʔϜϑΟϧλΛ෇Ճ͢Δ͜ͱͰ, Ϧετ
௕͕ٴ΅͢ݕࡧੑೳ΁ͷӨڹΛ௿ݮ͢Δ. ·ͨ, தؒόοϑΝΛ༻͍ͯϚʔδΛߦ͏
ͱ,Ϛʔδ࣌ͷϝϞϦ࢖༻ྔ͕େ͖͘ͳΔ໰୊͕͋Δ.
͔͠͠தؒόοϑΝΛ࢖Θͳ͍ϚʔδΞϧΰϦζϜ͸ෳࡶͰ͋Δ. ຊݚڀͰ͸, Ծ
૝ϊʔυͱ͍͏֓೦Λಋೖ͠,ෳ਺ͷτϥΠ໦Λ 1ͭͷτϥΠ໦ͱͯ͠ѻ͑ΔΑ͏ʹ
͢Δ. ͜ΕʹΑΓ,؆ܿͳΞϧΰϦζϜͰϚʔδΛՄೳʹ͠,͞ΒʹϒϧʔϜϑΟϧλ
ͷߏங΋ฒߦͰߦ͏Α͏ʹͨ͠.
4ষͰ͸, OLT1͕ߴ͍ੑೳΛൃش͢ΔൣғΛௐ΂ΔͨΊ,֨ೲ͢Δจࣈྻ਺ʹର͢
ΔOLT1ͷੑೳͷϞσϧΛཱͯ,ग़ݱස౓෼෍ͱೖྗจࣈྻ਺ΛมԽͤͯ͞ੑೳΛܭ
ࢉͨ͠. ͜ͷϞσϧ͔Β, OLT1͸,ग़ݱස౓෼෍͕ߴස౓গ਺ͷจࣈྻͱ௿ස౓ଟ਺
ͷจࣈྻʹେ͖͘ภ͍ͬͯΔ৔߹ʹߴ͍ੑೳʹͳΔ͜ͱ͕෼͔ͬͨ.
5ষͰ͸,ࣗ཯తʹ,ϋογϡςʔϒϧ, LOUDSτϥΠ,͓Αͼೋ෼୳ࡧτϥΠ΁ϝ
ϞϦΛׂΓ౰ͯΔఏҊख๏ OLT2ʹ͍ͭͯड़΂ͨ. OLT2͸, 1ষͰ͋͛ͨ໰୊ 2Λ
ղͨ͘Ί,࢒Γ࢖༻ՄೳϝϞϦΛݟͳ͕Β֤σʔλߏ଄ʹࣗ཯తʹϝϞϦΛׂΓ౰ͯ
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Δ. OLT2Ͱ͸, LOUDSτϥΠͱೋ෼୳ࡧτϥΠ͕࢖༻͢ΔϝϞϦҎ֎Λશͯϋογϡ
ςʔϒϧʹΑΔΩϟογϡʹׂΓ౰ͯΔ. ࢒Γ࢖༻ՄೳϝϞϦྔ͕খ͘͞ͳΔͱ,Ωϟο
γϡΛഁغͯ͠LOUDSτϥΠΛߏங͢Δ. ͜ͷΞϧΰϦζϜʹΑͬͯ,࢒͞ΕͨϝϞ
ϦʹԠͯ͡σʔλߏ଄ΛίϯύΫτԽ͠,ग़ݱස౓ͷߴ͍ΩʔΛϋογϡςʔϒϧʹ
ΑΓଟ֨͘ೲͰ͖ΔΑ͏ʹ͢Δ.
6ষͰ͸,࣮ݧʹΑΓఏҊख๏ OLT1,͓Αͼ OLT2ΛධՁͨ͠. ࢖༻ՄೳϝϞϦͷα
ΠζΛݻఆ͠,ೖྗ͢Δจࣈྻͷ਺ΛมԽͤͯ͞εϧʔϓοτΛܭଌ͢Δ࣮ݧΛߦͬ
ͨ. ܭଌର৅ͷσʔλߏ଄͸, OLT1, OLT2, ϋογϡςʔϒϧ, μϒϧΞϨΠτϥΠ,
ϋογϡςʔϒϧͱμϒϧΞϨΠτϥΠͷ૊Έ߹Θͤͷ 5छྨͱͨ͠. ·ͨ, ࢀߟͷ
ͨΊʹೋ࣍هԱͱओهԱதͷϋογϡςʔϒϧΛΩϟογϡͱ͍ͯ͠Δख๏ͷεϧʔ
ϓοτ΋ଌఆͨ͠. OLT1͸μϒϧΞϨΠτϥΠΑΓ΋εϧʔϓοτ͕௿͍͕,μϒϧ
ΞϨΠτϥΠͰ͸ϝϞϦʹೖΓ͖Βͳ͍৔߹ʹ༗༻ੑ͕͋Δ. OLT2͸,ϋογϡςʔ
ϒϧʹೖΓ͖Βͳ͍৔߹ʹ 5छྨͷσʔλߏ଄ͷதͰ࠷΋εϧʔϓοτ͕ߴ͔ͬͨ.
͍ͣΕ΋,ϝϞϦʹ֨ೲͰ͖ΔൣғͰ͸ೋ࣍هԱΛ༻͍ͨख๏ΑΓ΋εϧʔϓοτ͕
ߴ͔ͬͨ. ͜ͷ݁ՌΑΓ,࢖༻ՄೳϝϞϦྔ͕ݶΒΕ,ϋογϡςʔϒϧʹೖΓ͖Βͳ
͍ͱ͖,ର৅ͱ͢ΔΞϓϦέʔγϣϯͰ͸,ఏҊख๏͕طଘͷख๏ΑΓߴ͍εϧʔϓο
τʹͳΔ͜ͱΛࣔͨ͠.
OLT1,͓Αͼ, OLT2͸,࢖༻ϝϞϦྔʹԠͨ͡εϧʔϓοτΛ࣋ͭϞδϡʔϧͰ͋
Δ. ຊݚڀͰ͸,֎෦͔ΒͦͷϞδϡʔϧ͕࢖༻ՄೳͳϝϞϦྔ͕༩͑ΒΕͨ࣌ʹ,Ϟ
δϡʔϧ಺෦ͷϝϞϦׂΓ౰ͯΛѻͬͨ. 1ͭͷϓϩάϥϜΛ૸ΒͤΔ࣌ʹ,ͦͷΑ͏
ͳ࢖༻ϝϞϦྔʹԠͨ͡εϧʔϓοτΛ࣋ͭϞδϡʔϧΛෳ਺ಈ࡞ͤ͞Δ͜ͱ͕͋Δ.
ͨͱ͑͹, Apache LuceneΛ༻͍ͨςΩετղੳγεςϜʹ͓͍ͯ΋,ຊݚڀͰѻͬͨ
TaxonomyWriterCache͚ͩͰͳ͘,ݕࡧΫΤϦ༻ͷΩϟογϡΛؚΉ IndexSearcher΍,
సஔࡧҾͷॻ͖ࠐΈόοϑΝΛ࣋ͭ IndexWriterͳͲ΋͋Δ. OLT1,͓Αͼ, OLT2͸,
࣮ߦͷ్தͰϝϞϦΛ૿΍͚ͩ͢Ͱͳ͘,ϋογϡςʔϒϧʹׂΓ౰ͯΒΕ͍ͯΔϝ
ϞϦΛݮΒ͢͜ͱ΋ՄೳͰ͋Δ. ࠓޙͷݚڀͷల։ͱͯ͠, ͦͷΑ͏ͳϝϞϦ࢖༻ྔ
ʹԠͨ͡εϧʔϓοτΛ࣋ͭϞδϡʔϧΛෳ਺ಈ࡞ͤͨ࣌͞ͷϝϞϦׂΓ౰ͯͷ໰୊
Λߟ͍͖͍͑ͯͨ. ͜ͷ࣌, OLT2Ͱ༻͍ͨࣗ཯తͳख๏͕ద༻Ͱ͖ΔͷͰ͸ͳ͍͔ͱ
ߟ͍͑ͯΔ.
ϝϞϦׂΓ౰ͯΛ͞Βʹޮ཰తʹߦ͏ͨΊʹ͸, JavaԾ૝ܭࢉػ΍ΦϖϨʔςΟϯ
άγεςϜͷվม΋ٻΊΒΕΔ. JavaԾ૝ܭࢉػͰ͸, Ϟδϡʔϧ୯ҐͰͷϝϞϦׂ
Γ౰ͯͱΨϕʔδίϨΫγϣϯͷػೳ͕ٻΊΒΕΔ. ΦϖϨʔςΟϯάγεςϜͰ͸,
σʔλߏ଄ͷม׵࣌ʹҰ࣌తʹར༻͢ΔϝϞϦ͕͋ΔͱศརͰ͋Δ. ·ͨ, OLT1 ΍
OLT2͸,ར༻ՄೳͳϝϞϦ࢖༻ྔͷ૿ݮʹ؆୯ʹ௥ਵͰ͖Δ. ࠓޙ͸,ͦͷΑ͏ͳϝ
ϞϦ࢖༻ྔͷ૿ݮʹ௥ਵՄೳͳΞϓϦέʔγϣϯΛޮ཰ྑ͘ಈ࡞ͤ͞ΔΑ͏ͳΦϖ
ϨʔςΟϯάγεςϜ͕ٻΊΒΕΔ.
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ँࣙ
ຊ࿦จͷݚڀ͸,චऀ͕ஜ೾େֶത࢜՝ఔޙظγεςϜ৘ใ޻ֶݚڀՊίϯϐϡʔ
λαΠΤϯεઐ߈ʹࡏ੶த,৽৓༃।ڭतͷ͝ࢦಋͷ΋ͱʹߦΘΕ·ͨ͠.
৽৓।ڭतʹ͸࿦จͷࣥචʹ͋ͨͬͯඇৗʹ͖Ίࡉ΍͔Ͱஸೡͳ͝ࢦಋΛ͍͖ͨͩ
·ͨ͠. ͜ͷಋ͖ͳ͠ʹ͸࿦จͷ׬੒͸͋Γ·ͤΜͰͨ͠. ·ͨ,ւ֎͔ΒϦϞʔτͰ
ത࢜՝ఔΛਐΊΔͨΊʹେม͓ੈ࿩ʹͳΓ·ͨ͠. ͋ΒͨΊͯײँͷҙΛද͠·͢.
ຊ࿦จΛ·ͱΊΔʹ͋ͨΓ, ݐ෦मݟڭत, ࢁຊװ༤ڭत, தాलجڭत, ఱּढ़೭
।ڭत,͓Αͼླ໦৳ਸ।ڭतʹݚڀͷ಺༰ʹؔ͢Δଟ͘ͷ͝ࢦఠ΍͝ࢦಋΛ͍ͨͩ
͖·ͨ͠. ·ͨ,൘໺ߠࡾ໊༪ڭत,๺઒ത೭ڭत,͓ΑͼՃ౻࿨඙ڭतʹ΋ଟେͳ͝
ࢦಋΛ͍͖ͨͩ·ͨ͠. ஜ೾େֶͷތΔୈҰઢͷઌੜํʹ͝ࢦಋ͍͚ͨͩͨ͜ͱʹײ
ँ͍ͨ͠·͢.
20೥དྷͷઌഐͰ͋ΔதҪԝ।ڭतʹ͸ஜ೾େֶത࢜՝ఔޙظ΁ͷೖֶͷࡍ૬ஊʹ
ͷ͍͖ͬͯͨͩ·ͨ͠. ͋Γ͕ͱ͏͍͟͝·ͨ͠.
ຊݚڀ͸,චऀ͕೔ຊΞΠɾϏʔɾΤϜגࣜձࣾιϑτ΢ΣΞ։ൃݚڀॴʹࡏ੶த
ʹ,ಉ౦ژجૅݚڀॴͷ٢ాҰ੕ࢯ,ւ໺༟໵ࢯ,͓Αͼ Raymond RudyࢯΒͱͱ΋ʹ
ߦͬͨڞಉݚڀΛݩʹ͍ͯ͠·͢. ൴ΒͷΑ͏ͳ࠽ೳ͋;ΕΔݚڀऀͱҰॹʹ࢓ࣄ͕
Ͱ͖ͨ͜ͱΛތΓʹࢥ͍·͢.
·ͨ,ݚڀ։࢝౰্࣌࢘Ͱ͋ͬͨᖛా੣࣏ࢯ཰͍Δ IBMιϑτ΢ΣΞ։ൃݚڀॴͷ
νʔϜʹ͸, ݚڀΛਐΊΔ͏͑ͰଟେͳαϙʔτΛ͍͖ͨͩ·ͨ͠. ײँ͢Δͱͱ΋
ʹ,νʔϜͷ͍ͬͦ͏ͷൃలΛ͓فΓ͍ͯ͠·͢.
ຊݚڀͷࣾ಺ࢽ ProVISON΁ͷܝࡌʹࡍͯ͠ਿຊ࿨හࢯʹ͝ࢦಋ͍͖ͨͩ·ͨ͠.
େม͓ੈ࿩ʹͳΓ·ͨ͠.
I would like to say thank you to Sola Ania, Roman Valiusenko and Yosuke Ozawa for
revising my paper for ICICS 2014. Their proof reading was the great help to be accepted
as the best research paper award.
౻৿ໜ༤ࢯʹ͸ຊ࿦จͷจݙϦετͷमਖ਼Λख఻͍͖ͬͯͨͩ·ͨ͠. ͋Γ͕ͱ͏
͍͟͝·ͨ͠.
ͦͷ΄͔, ଟ͘ͷํͷࢧ͑Ͱຊݚڀ͸੒Γཱͪ·ͨ͠. ͝ࢧԉ΍͝ࢦಋΛ͍͍ͨͩ
ͨ͢΂ͯͷํʑʹײँ͍ͨ͠·͢.
100
ࢀߟจݙ
[1] Rachit Agarwal, Anurag Khandelwal, and Ion Stoica. Succinct: Enabling queries
on compressed data. In 12th USENIX Symposium on Networked Systems Design
and Implementation (NSDI 15), pp. 337–350, Oakland, CA, May 2015. USENIX
Association.
[2] Sattam Alsubaiee, Alexander Behm, Vinayak Borkar, Zachary Heilbron, Young-Seok
Kim, Michael J Carey, Markus Dreseler, and Chen Li. Storage management in Aster-
ixDB. Proceedings of the VLDB Endowment, Vol. 7, No. 10, pp. 841–852, 2014.
[3] Amazon Web Services, Inc. Amazon redshift. https://aws.amazon.com/
redshift/. Accessed: December 28, 2016.
[4] Ashok Anand, Chitra Muthukrishnan, Steven Kappes, Aditya Akella, and Suman
Nath. Cheap and large CAMs for high performance data-intensive networked sys-
tems. In Proceedings of the 7th USENIX Conference on Networked Systems Design
and Implementation, NSDI ’10, pp. 29–29. USENIX Association, 2010.
[5] Junichi Aoe. An efficient digital search algorithm by using a double-array struc-
ture. IEEE Transactions on Software Engineering, Vol. 15, pp. 1066–1077, Septem-
ber 1989.
[6] The Apache Software Foundation. The Apache HBase Book, October 2010.
[7] Rudolf Bayer and Edward M. McCreight. Organization and maintenace of large or-
dered indexes. Acta Informatica, Vol. 1 Fase. 3, , September 1972.
[8] David Benoit, Erik D. Demaine, J. Ian Munro, Rajeev Raman, Venkatesh Raman, and
S. Srinivasa Rao. Representing trees of higher degree. Algorithmica, Vol. 43, pp.
275–292, December 2005.
[9] Burton H. Bloom. Space/time trade-offs in hash coding with allowable errors. Com-
munications of the ACM, Vol. 13, pp. 422–426, July 1970.
101
[10] JBoss Community Bootstrap and Awestruct. Infinispan. http://infinispan.
org. Accessed: December 22, 2016.
[11] L. Breslau, Pei Cao, Li Fan, G. Phillips, and S. Shenker. Web caching and Zipf-
like distributions: evidence and implications. In INFOCOM ’99. Eighteenth Annual
Joint Conference of the IEEE Computer and Communications Societies. Proceedings.
IEEE, Vol. 1, pp. 126–134 vol.1, March 1999.
[12] Fay Chang, Jeffrey Dean, Sanjay Ghemawat, Wilson C. Hsieh, Deborah A. Wallach,
Mike Burrows, Tushar Chandra, Andrew Fikes, and Robert E. Gruber. Bigtable:
A distributed storage system for structured data. ACM Transactions on Computer
Systems (TOCS), Vol. 26, pp. 4:1–4:26, June 2008.
[13] Maxime Crochemore and Renaud Verı´n. Direct construction of compact directed
acyclic word graphs. In Combinatorial Pattern Matching, pp. 116–129. Springer-
Verlag, 1997.
[14] Jeff Dean and Sanjay Ghemawat. LevelDB. https://code.google.com/p/
leveldb/. Accessed: August 30, 2015.
[15] Jeffrey Dean and Sanjay Ghemawat. Mapreduce: Simplified data processing on large
clusters. Commun. ACM, Vol. 51, No. 1, pp. 107–113, January 2008.
[16] Biplob Debnath, Sudipta Sengupta, and Jin Li. FlashStore: High throughput persistent
key-value store. Proceedings of the VLDB Endowment, Vol. 3, No. 1-2, pp. 1414–
1425, September 2010.
[17] Biplob Debnath, Sudipta Sengupta, and Jin Li. SkimpyStash: RAM space skimpy
key-value store on flash-based storage. In Proceedings of the 2011 ACM SIGMOD
International Conference on Management of Data, SIGMOD ’11, pp. 25–36. ACM,
2011.
[18] Bin Fan, David G. Andersen, and Michael Kaminsky. MemC3: Compact and con-
current MemCache with dumber caching and smarter hashing. In Presented as part
of the 10th USENIX Symposium on Networked Systems Design and Implementation,
NSDI ’13, pp. 371–384. USENIX, 2013.
[19] Li Fan, Pei Cao, Jussara Almeida, and Andrei Z. Broder. Summary cache: a scal-
able wide-area web cache sharing protocol. IEEE/ACM Transactions on Networking
(TON), Vol. 8, pp. 281–293, June 2000.
102
[20] Arash Farzan and J. Ian Munro. Succinct representations of arbitrary graphs. In Pro-
ceedings of the 16th annual European symposium on Algorithms, pp. 15–17, Septem-
ber 2008.
[21] Free Software Foundation. Linux kernel. https://www.kernel.org/. Ac-
cessed: August 30, 2015.
[22] The Apache Software Foundation. Apache Lucene. http://lucene.apache.
org/. Accessed: August 30, 2015.
[23] Wikimedia Foundation. Static html dump of wikipedia (en). https:
//dumps.wikimedia.org/other/static_html_dumps/current/
en/wikipedia-en-html.tar.7z. Accessed: December 4, 2016.
[24] Edward Fredkin. Trie memory. Communications of the ACM, Vol. 3, pp. 490–499,
September 1960.
[25] Chikara Furusawa and Kunihiko Kaneko. Zipf’s law in gene expression. Physical
review letters, Vol. 90, No. 8, p. 088102, 2003.
[26] Xavier Gabaix. Zipf’s law for cities: an explanation. Quarterly journal of Economics,
pp. 739–767, 1999.
[27] Roberto Grossi and Jeffrey Scott Vitter. Compressed suffix arrays and suffix trees
with applications to text indexing and string matching. SIAM Journal on Computing,
Vol. 35, No. 2, pp. 378–407, August 2005.
[28] Maurice Herlihy, Nir Shavit, and Moran Tzafrir. Hopscotch hashing. In Distributed
Computing, pp. 350–364. Springer, 2008.
[29] Google Inc. Google compute engine. https://cloud.google.com/
compute/. Accessed: August 30, 2015.
[30] Google Inc. Google IME. http://www.google.co.jp/ime/. Accessed: Au-
gust 30, 2015.
[31] Guy J. Jacobson. Succinct static data structures. PhD thesis, Carnegie Mellon Uni-
versity, 1988. AAI8918056.
[32] Guy J. Jacobson. Space-efficient static trees and graphs. In Proceedings of the 30th
Annual Symposium on Foundations of Computer Science, pp. 549–554. IEEE Com-
puter Society, 1989.
103
[33] H. V. Jagadish, P. P. S. Narayan, S. Seshadri, S. Sudarshan, and Rama Kanneganti.
Incremental organization for data recording and warehousing. In Proceedings of the
23rd International Conference on Very Large Data Bases, VLDB ’97, pp. 16–25.
Citeseer, 1997.
[34] Christopher Jermaine, Edward Omiecinski, and Wai G. Yee. The partitioned expo-
nential file for database storage management. The VLDB Journal, Vol. 16, No. 4, pp.
417–437, October 2007.
[35] Theodore Johnson and Dennis Shasha. 2q: A low overhead high performance buffer
management replacement algorithm. In Proceedings of the 20th International Confer-
ence on Very Large Data Bases, VLDB ’94, pp. 439–450, San Francisco, CA, USA,
1994. Morgan Kaufmann Publishers Inc.
[36] Dong K. Kim, Joong C. Na Na, Ji E. Kim, and Kunsoo Park. Efficient implementation
of rank and select functions for succinct representation. In Experimental and Efficient
Algorithms Lecture Notes in Computer Science, Vol. 3503, pp. 125–143, 2005.
[37] খ༄ޫੜ,٢ాҰ੕,ւ໺༟໵,৽৓༃.؆ܿσʔλߏ଄ͷΦϯϥΠϯߏஙͱϒϧʔ
ϜϑΟϧλʹΑΔݕࡧੑೳͷ޲্. ৘ใॲཧֶձ࿦จࢽ: σʔλϕʔε (TOD),
Vol. 4, No. 4, pp. 1–10, December 2011.
[38] খ༄ޫੜ, ٢ాҰ੕, ւ໺༟໵, ৽৓༃. LOUDSτϥΠͷΦϯϥΠϯߏஙͷͨΊ
ͷϒϧʔϜϑΟϧλߏங๏. ৘ใॲཧֶձ࿦จࢽ: ίϯϐϡʔςΟϯάγεςϜ
(ACS), Vol. 5, No. 2, pp. 1–9, March 2012.
[39] Teruo Koyanagi and Yasushi Shinjo. A fast and compact hybrid memory resident
datastore for text analytics with autonomic memory allocation. In In Proceedings
of IEEE International Conference on Information and Computational Systems 2014
(ICICS2014), April 2014.
[40] Taku Kudo. MeCab: Yet another part-of-speech and morphological analyzer. http:
//taku910.github.io/mecab/. Accessed: August 31, 2015.
[41] Avinash Lakshman and Prashant Malik. Cassandra: a decentralized structured storage
system. ACM SIGOPS Operating Systems Review, Vol. 44, pp. 35–40, April 2010.
[42] Jonathan Leibiusky. Jedis. https://github.com/xetorthio/jedis. Ac-
cessed: December 28, 2016.
104
[43] Haoyuan Li, Ali Ghodsi, Matei Zaharia, Scott Shenker, and Ion Stoica. Tachyon:
Reliable, memory speed storage for cluster computing frameworks. In Proceedings
of the ACM Symposium on Cloud Computing, SOCC ’14, pp. 6:1–6:15, New York,
NY, USA, 2014. ACM.
[44] Hyeontaek Lim, Bin Fan, David G. Andersen, and Michael Kaminsky. SILT: a
memory-efficient, high-performance key-value store. In Proceedings of the Twenty-
Third ACM Symposium on Operating Systems Principles, SOSP ’11, pp. 1–13. ACM,
2011.
[45] Hyeontaek Lim, Dongsu Han, David G. Andersen, and Michael Kaminsky. MICA: A
holistic approach to fast in-memory key-value storage. In 11th USENIX Symposium
on Networked Systems Design and Implementation, NSDI ’14, pp. 429–444. USENIX
Association, April 2014.
[46] The Economist Newspaper Limited. Data, data everywhere. The Economist, http:
//www.economist.com/node/15557443, February 2010. Accessed: August
30, 2015.
[47] Gurmeet Singh Manku and Rajeev Motwani. Approximate frequency counts over
data streams. In Proceedings of the 28th international conference on Very Large Data
Bases, VLDB ’02, pp. 346–357. VLDB Endowment, 2002.
[48] Nimrod Megiddo and Dharmendra S. Modha. Arc: A self-tuning, low overhead re-
placement cache. In Proceedings of the 2Nd USENIX Conference on File and Storage
Technologies, FAST ’03, pp. 115–130, Berkeley, CA, USA, 2003. USENIX Associa-
tion.
[49] Memcached. Memcached. http://memcached.org/. Accessed: August 30,
2015.
[50] Sparsh Mittal and Jeffrey S Vetter. A survey of architectural approaches for data
compression in cache and main memory systems. IEEE Transactions on Parallel and
Distributed Systems, Vol. 27, No. 5, pp. 1524–1536, 2016.
[51] MongoDB, Inc. Mongodb. https://www.mongodb.com/. Accessed: Decem-
ber 28, 2016.
[52] J. Ian Munro, Rajeev Raman, Venkatesh Raman, and S. Srinivasa Rao. Succinct
representations of permutations and functions. Computing Research Repository, Vol.
abs/1108.1983, , August 2011.
105
[53] J. Ian Munro and Venkatesh Raman. Succinct representation of balanced parenthe-
ses, static trees and planar graphs. In Proceedings of 38th Annual Symposium on
Foundations of Computer Science, pp. 118 –126, october 1997.
[54] Doron Nakar and Shlomo Weiss. Selective main memory compression by identifying
program phase changes. In Proceedings of the 3rd workshop on Memory performance
issues: in conjunction with the 31st international symposium on computer architec-
ture, pp. 96–101. ACM, 2004.
[55] Markus F.X.J. Oberhumer. LZO real-time data compression library. http://www.
oberhumer.com/opensource/lzo. Accessed: November 8, 2016.
[56] U.S. National Library of Medicine. Fact sheet: Medline. http://www.nlm.nih.
gov/pubs/factsheets/medline.html. Accessed: August 30, 2015.
[57] U.S. Department of Transportation. National highway traffic safety administration.
http://www.nhtsa.gov/. Accessed: August 30, 2015.
[58] Patrick O’Neil, Edward Cheng, Dieter Gawlick, and Elizabeth O’Neil. The log-
structured merge-tree (LSM-tree). Acta Informatica, Vol. 33, No. 4, pp. 351–385,
1996.
[59] Rasmus Pagha and Flemming Friche Rodlerb. Cuckoo hashing. Journal of Algo-
rithms, Vol. 51, pp. 122–144, May 2004.
[60] Naila Rahman and Rajeev Raman. Engineering the LOUDS succinct tree represen-
tation. In In Proceedings of the 5th International Workshop on Experimental Algo-
rithms, p. 145. Springer, 2006.
[61] Red Hat, Inc. Wildfly. http://wildfly.org/. Accessed: December 26, 2016.
[62] Stephen M. Rumble, Ankita Kejriwal, and John Ousterhout. Log-structured memory
for DRAM-based storage. In Proceedings of the 12th USENIX Conference on File
and Storage Technologies, FAST ’14, pp. 1–16. USENIX, 2014.
[63] ఆ݉๜඙. ׅހྻͷ؆୯ɾ؆ܿͳදݱ๏. ిࢠ৘ใ௨৴ֶձٕज़ݚڀใࠂ, Vol.
108, No. 237, pp. 33–40, October 2008. COMP2008-38.
[64] Kunihiko Sadakane. Compressed text databases with efficient query algorithms based
on the compressed suffix array. In Proceedings of the 11th International Conference
on Algorithms and Computation, ISAAC ’00, pp. 410–421, London, UK, UK, 2000.
Springer-Verlag.
106
[65] Kunihiko Sadakane. Succinct representations of lcp information and improvements
in the compressed suffix arrays. In Proceedings of the Thirteenth Annual ACM-SIAM
Symposium on Discrete Algorithms, SODA ’02, pp. 225–232, Philadelphia, PA, USA,
2002. Society for Industrial and Applied Mathematics.
[66] Kunihiko Sadakane. New text indexing functionalities of the compressed suffix ar-
rays. Journal of Algorithms, Vol. 48, No. 2, pp. 294–313, September 2003.
[67] Kunihiko Sadakane. Compressed suffix trees with full functionality. Theory of Com-
puting Systems, Vol. 41, No. 4, pp. 589–607, December 2007.
[68] Kunihiko Sadakane. Dynamic succinct ordinal trees. IEICE technical report. Theo-
retical Foundations of Computing, Vol. 109, No. 9, pp. 37–41, April 2009.
[69] Kunihiko Sadakane and Gonzalo Navarro. Fully-functional succinct trees. In Pro-
ceedings of the Twenty-First Annual ACM-SIAM Symposium on Discrete Algorithms,
SODA ’10, pp. 134–149. Society for Industrial and Applied Mathematics, 2010.
[70] Dustin Sallings. Spymemcachd. https://github.com/couchbase/
spymemcached. Accessed: December 25, 2016.
[71] Salvatore Sanfilippo. Redis. http://redis.io/. Accessed: August 30, 2015.
[72] Russell Sears and Raghu Ramakrishnan. bLSM: a general purpose log structured
merge tree. In Proceedings of the 2012 ACM SIGMOD International Conference on
Management of Data, ACM ’12, pp. 217–228, 2012.
[73] Amazon Web Services. Amazon elastic computing cloud (EC2). http://aws.
amazon.com/ec2/. Accessed: August 30, 2015.
[74] Zeev Tarantov and Steinar H. Gunderson. Snappy. Google Inc.
[75] ஜ೾େֶେֶӃγεςϜ৘ใ޻ֶݚڀՊίϯϐϡʔλαΠΤϯεઐ߈. ʰେن
໛৘ใίϯςϯπ࣌୅ͷߴ౓ ICTઐ໳৬ۀਓҭ੒ʱࣄۀ࠷ऴใࠂॻ. http:
//www.cs.tsukuba.ac.jp/dcon/daicon_web2013Jul05.pdf, March
2013. Accessed: August 30, 2015.
[76] Twitter. Twitter company facts. https://about.twitter.com/company.
Accessed: August 30, 2015.
[77] Naohiko Uramoto, Hirofumi Matsuzawa, Tohru Nagano, Akiko Murakami, Hironori
Takeuchi, and Koichi Takeda. A text-mining system for knowledge discovery from
biomedical documents. IBM Systems Journal, Vol. 43, No. 3, pp. 516–533, 2004.
107
[78] Duncan J. Watts and Steven H. Strogatz. Collective dynamics of ’small-world’ net-
works. Nature, Vol. 393, No. 6684, pp. 440–442, 1998.
[79] Wikipedia. History of wikipedia. https://en.wikipedia.org/wiki/
History_of_Wikipedia. Accessed: August 30, 2015.
[80] Paul R. Wilson, Scott F. Kaplan, and Yannis Smaragdakis. The case for compressed
caching in virtual memory systems. In Proceedings of the Annual Conference on
USENIX Annual Technical Conference, ATEC ’99, pp. 8–8, Berkeley, CA, USA,
1999. USENIX Association.
[81] Worldwidewebsize.com. The size of the world wide web. http://www.
worldwidewebsize.com/. Accessed: August 30, 2015.
[82] Xingbo Wu, Yuehai Xu, Zili Shao, and Song Jiang. Lsm-trie: An lsm-tree-based
ultra-large key-value store for small data items. In 2015 USENIX Annual Techni-
cal Conference (USENIX ATC 15), pp. 71–82, Santa Clara, CA, Jul 2015. USENIX
Association.
[83] Lei Yang, Robert P Dick, Haris Lekatsas, and Srimat Chakradhar. Online memory
compression for embedded systems. ACM Transactions on Embedded Computing
Systems (TECS), Vol. 9, No. 3, p. 27, 2010.
[84] Susumu Yata. Darts clone. https://code.google.com/p/darts-clone/.
Accessed: August 30, 2015.
[85] Susumu Yata. Taiju: C++ library for succinct representations of trie. https://
code.google.com/p/taiju/. Accessed: August 30, 2015.
[86] Naoki Yoshinaga andMasaru Kitsuregawa. A self-adaptive classifier for efficient text-
stream processing. In Proceedings of The 25th International Conference on Compu-
tational Linguistics (COLING 2014), COLING 2014, pp. 1091–1102, 2014.
[87] Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, Mur-
phy McCauley, Michael J Franklin, Scott Shenker, and Ion Stoica. Resilient dis-
tributed datasets: A fault-tolerant abstraction for in-memory cluster computing. In
Proceedings of the 9th USENIX conference on Networked Systems Design and Imple-
mentation, pp. 2–2. USENIX Association, 2012.
[88] Matei Zaharia, Mosharaf Chowdhury, Michael J Franklin, Scott Shenker, and Ion Sto-
ica. Spark: cluster computing with working sets. In Proceedings of the 2nd USENIX
conference on Hot topics in cloud computing, Vol. 10, p. 10, 2010.
108
[89] George K. Zipf. Human Behavior and the Principle of Least Effort. Addison-Wesley,
1949.
[90] Jacob Ziv and Abraham Lempel. A universal algorithm for sequential data compres-
sion. IEEE Transactions On Information Theory, Vol. 23, No. 3, pp. 337–343, 1977.
109
෇࿥A طଘͷΠϯϝϞϦσʔλε
τΞ
ࢀߟͷͨΊ, طଘͷ୅දతͳΠϯϝϞϦσʔλετΞͷϝϞϦޮ཰Λଌఆͨ͠. ද
A.1ʹ,طଘͷΠϯϝϞϦσʔλετΞΛ༻͍ͯॏෳഉআΛ࣮૷ͨ͠৔߹ͷ࢖༻ϝϞ
Ϧྔ (ϝϞϦ)ͱฏۉͷεϧʔϓοτ (݅/ඵ)Λࣔ͢. ೖྗ͢Δσʔληοτʹ͸ද 1.1
ʹࣔͨ͠σʔληοτΛ༻͍ͨ. ൺֱͷͨΊ,ද 6.3͓Αͼද 6.5ʹࣔͨ͠ OLT1͓Α
ͼ OLT2ͷ࢖༻ՄೳϝϞϦྔͱεϧʔϓοτ΋ࣔ͢.
࢖༻ͨ͠ιϑτ΢ΣΞ͸, Memcached (memcached-1.4.4) [49], Redis (redis-3.2.6) [71],
͓Αͼ Infinispan (infinispan-8.2.5-Final) [10]Ͱ͋Δ. ͜ΕΒͷΠϯϝϞϦσʔλετ
ΞͰ͸, ಺෦ͷσʔλߏ଄ʹϋογϡςʔϒϧ͕࢖ΘΕ͍ͯΔ. ॏෳഉআͷϓϩάϥ
Ϝʹ͸,γϯάϧεϨουͰಈ࡞͢Δ 6.2અͷϓϩάϥϜͱಉ౳ͷ΋ͷΛ༻͍Δ͕,ޙ
ʹઆ໌͢ΔΑ͏ʹ,֤ΠϯϝϞϦσʔλετΞʹ߹Θ࣮ͤͨ૷Λ༻͍͍ͯΔ.
MemcachedͱRedisͰ͸, getͷ݁ՌΛΫϥΠΞϯτଆͰಉظͯ͠଴ͭͱ,௨৴ͷϨ
Πςϯγ͕εϧʔϓοτʹؚ·Εͯ͠·͏. ૊ࠐܕͷσʔλετΞͱ΋͋Δఔ౓ൺֱ
Ͱ͖ΔΑ͏ʹ,Ͱ͖Δ͚ͩ௨৴ͷϨΠςϯγΛӅณ͢Δඇಉظ APIΛ༻͍ͨ. ͜Ε͸
3ষͰड़΂ͨ, putͨ͠஋Λ௚ͪʹ getʹ൓ө͢ΔΞϓϦέʔγϣϯͷཁٻΛຬͨͯ͠
͍ͳ͍͕, Future ύλʔϯͳͲΛ༻͍ͯಉ౳ͷॲཧ͕ՄೳͰ͋Δ. ͜ͷ࣮ݧͰ͸؆୯
ͷͨΊ,ॏෳഉআͷΈΛߦ͏.
ܭଌ࣌ͷ؀ڥʹ͸ҎԼΛ༻͍ͨ:
• Intel Core i7-3770 3.40GHz 4Core 6MB L3 Cache
• PC3-12800 16GB DDR3 SDRAM 1600Mhz
• CentOS 6.8 Linux 2.6.32-431.17.1.el6.x86 64
• OpenJDK 64bit version 1.7.0 121
• Java(TM) SE Runtime Environment (build 1.8.0 40-b25)
• Java HotSpot(TM) 64-Bit Server VM (build 25.40-b25, mixed mode)
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Memcached ʹΑΔॏෳഉআͷ࣮૷ʹ͸, ΫϥΠΞϯτϥΠϒϥϦͱͯ͠ Spymem-
cached [70]Λ༻͍ͨ. Spymemcached͸Memcachedͷ৚݅෇͖ APIΛར༻͍ͯ͠Δ.
͜ͷ API Ͱ͸, Ωʔ͕ଘࡏ͠ͳ͍ͱ͖ʹ͚ͩΩʔͱ஋Λॻ͖ࠐΉ͜ͱ͕Ͱ͖ΔͷͰ,
ॏෳഉআʹ͓͍ͯ put͢Δલʹ get͠ͳͯ͘΋Α͍. ࢖༻ϝϞϦྔ͸,σʔλ֨ೲલͱ
֨ೲޙͷ psίϚϯυͷ Resident Set Size (RSS)஋ͷࠩ෼͔ΒٻΊͨ. αʔό,ΫϥΠ
ΞϯτڞʹಉҰͷܭࢉػ಺Ͱ࣮ߦͨ͠.
RedisʹΑΔॏෳഉআͷ࣮૷ʹ͸, JavaʹΑΔΫϥΠΞϯτϥΠϒϥϦͰ͋Δ Jedis
[42]Λ༻͍ͨ. RedisͰ͸ Pipelineͱݺ͹ΕΔίϚϯυΛ࿈ଓͯ͠ॲཧ͢Δ API͕ఏ
ڙ͞Ε͓ͯΓ, ෳ਺ͷΩʔʹؔ͢ΔॲཧΛ·ͱΊͯαʔόʹૹ৴ͯ͠ॲཧͰ͖Δ. ·
ͨ, Redisʹ΋Memcachedͱಉ༷ʹΩʔ͕ଘࡏ͠ͳ͍ͱ͖ʹ͚ͩΩʔͱ஋Λॻ͖ࠐΉ
ػೳ͕͋Δ. Redis ʹ͓͍ͯ΋ Memcached ͱಉ༷ʹ͜ͷػೳΛ༻͍ͯॏෳഉআΛޮ
཰ྑ࣮͘૷Ͱ͖Δ. ࢖༻ϝϞϦྔ͸,σʔλ֨ೲલͱ֨ೲޙͷ psίϚϯυͷResident
Set Size (RSS)஋ͷࠩ෼͔ΒٻΊͨ. αʔό,ΫϥΠΞϯτڞʹಉҰͷܭࢉػ಺Ͱ࣮ߦ
ͨ͠.
Infinispan ʹΑΔॏෳഉআͷ࣮૷Ͱ͸, Infinispan ΛΩϟογϡஔ͖׵͑ͳ͠ͷ Em-
bedded LocalΩϟογϡͱͯ͠༻͍ͨ. ϓϩάϥϜ͸ 6.2અͷϓϩάϥϜͱಉ౳ͷ΋ͷ
Λ༻͍ͨ. ಉ͡ Java Virtual Machine಺Ͱ InfinispanΛ௚઀ݺͼग़ͨ͢Ί,ωοτϫʔ
ΫͷΦʔόʔϔου͕ͳ͘,αʔόΫϥΠΞϯτܕͷ৔߹ͱൺֱͯ͠ߴ͍εϧʔϓο
τΛಘΒΕΔ. ࢖༻ϝϞϦྔ͸, ΩϟογϡʹσʔλΛ֨ೲͨ͠ࡍͷ JavaώʔϓϝϞ
Ϧͷ࢖༻ྔͷ૿Ճ͔ΒٻΊͨ.
͜ͷΑ͏ʹ,͜ΕΒͷΩʔόϦϡʔετΞ͸,ϋογϡςʔϒϧΛ༻͍͍ͯΔͷͰ,
ϝϞϦޮ཰͕ѱ͍. ຊݚڀͰ࣮૷ͨ͠ OLT1,͓Αͼ, OLT2͸,ߴ͍ϝϞϦޮ཰Λ࣮ݱ
͍ͯ͠Δ͜ͱ͕Θ͔Δ. ·ͨ,࢖༻ՄೳϝϞϦ͕૿͑Δͱεϧʔϓοτ͕ߴ͘ͳΔ.
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ද A.1: ୅දతͳΠϯϝϞϦσʔλετΞͷ࢖༻ϝϞϦྔͱεϧʔϓοτ
NHTSA kakaku.com reuters.com
ΠϯϝϞϦσʔλετΞ ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ
memcached-1.4.4 349 MB 32ສ 914 MB 36ສ 345 MB 35ສ
redis-3.2.6 756 MB 69ສ 2136 MB 74ສ 638 MB 74ສ
infinispan-8.2.5-Final 861 MB 242ສ 2334 MB 367ສ 740 MB 393ສ
OLT1 89 MB 52ສ 269 MB 98ສ 101 MB 197ສ
134 MB 93ສ 404 MB 124ສ 152 MB 273ສ
178 MB 117ສ 538 MB 171ສ 202 MB 342ສ
223 MB 142ສ 673 MB 239ສ 253 MB 422ສ
OLT2 89 MB 79ສ 269 MB 339ສ 101 MB 244ສ
134 MB 158ສ 404 MB 396ສ 152 MB 351ສ
178 MB 182ສ 538 MB 405ສ 202 MB 394ສ
223 MB 201ສ 673 MB 401ສ 253 MB 408ສ
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෇࿥B Apache Spark
ࢀߟͷͨΊ,෼ੳॲཧͰΑ͘ར༻͞ΕΔ Apache Spark (spark-2.0.2-hadoop-2.7) [88]
[87]ͷϝϞϦޮ཰Λଌఆͨ͠. ଌఆํ๏͸෇࿥ Aͱಉ͡Ͱ͋Δ. ͜ͷ࣮ݧͰ͸, Apache
SparkʹΑΔॏෳഉআΛ ScalaΛ༻͍ͯҎԼͷΑ͏࣮૷ͨ͠:
rdd.distinct.zipWithUniqueId.persist(MEMORY ONLY SER)
͜͜Ͱ, rdd ͸ೖྗจࣈྻΛࢦ͢ॳظ RDD Ͱ͋Δ. ͜ͷม׵Ͱ͸, distinct ͱ
zipWithUniqueId ʹΑͬͯ࡞੒͞Εͨ RDD Λ persist(MEMORY ONLY SER)
ʹΑͬͯόΠτ഑ྻʹγϦΞϥΠζ͞ΕͨܗଶͰϝϞϦʹҡ͍࣋ͯ͠Δ. ͜ͷม׵Λ
୯ମͰىಈͨ͠ spark-shellʹ࣮ߦͤ͞, JavaώʔϓϝϞϦͷ࢖༻ྔͷ૿Ճ͔Β࢖༻ϝ
ϞϦྔΛٻΊͨ. ·ͨ, σʔληοτʹ͜ͷม׵Λద༻ͨ͠ͱ͖ʹ͔͔ͬͨ࣌ؒΛೖ
ྗจࣈྻ਺ͰׂͬͨΈͳ͠ฏۉεϧʔϓοτΛٻΊͨ. ͜ͷ࣮ߦʹׂΓ౰ͯΒΕͨε
Ϩου਺͸ 4Ͱ͋Δ.
ද B.1ʹ݁ՌΛࣔ͢. ͜ͷදͷ֤ߦ͸,࠷ऴతͳ RDDͷ࢖༻ϝϞϦྔ (ϝϞϦ)ͱε
ϧʔϓοτ (݅/ඵ)Λ͍ࣔͯ͠Δ. ͜ͷ RDDΛ࡞੒͢ΔͨΊʹதؒతͳ RDD͕࡞ΒΕ
͍ͯΔ͕,ͦͷαΠζ͸ؚ·Ε͍ͯͳ͍. ͜ͷ࣮ݧͰ͸, Apache Spark͸ϚϧνεϨο
υͰಈ࡞ͨͨ͠Ί,ߴ͍εϧʔϓοτʹͳͬͨ. Apache Sparkͷ࢖༻ϝϞϦྔ͸ OLT1
΍ OLT2ͷ࢖༻ϝϞϦྔͷ໿ 3.1ഒ (kakaku.com, reuters.com)͔Β 4.7ഒ (NHTSA)ʹ
ͳΔ. ·ͨ, Apache Sparkʹ͸,ϝϞϦ࢖༻ྔΛ੍໿͢Δػೳ͕ͳ͍. ͜Εʹରͯ͠,ຊ
ݚڀͰఏҊͨ͠ OLT1,͓Αͼ, OLT2͸,ݶΒΕͨϝϞϦࢿݯͷதͰಈ࡞͢Δ.
ද B.1: Apache Sparkͷ࢖༻ϝϞϦྔͱεϧʔϓοτ
NHTSA kakaku.com reuters.com
ΠϯϝϞϦσʔλετΞ ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ ϝϞϦ ݅/ඵ
spark-2.0.2-hadoop-2.7 368 MB 589ສ 772 MB 214ສ 272 MB 249ສ
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